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Abstract

Water security is increasingly threatened by climate change, land use transformation, and growing urban
demand. This research assesses the long-term water security of the Aburrá Valley in Antioquia, Colombia,
which depends primarily on the Riogrande II and La Fe reservoirs. The analysis is carried out using the
Reliability, Resilience, and Vulnerability (RRV) framework to evaluate system performance under future scen-
arios. To estimate future demand, a demographic projection was developed over a 50-year horizon using the
Logistic Model. On the supply side, climate and land use scenarios were constructed for the source water-
sheds of both reservoirs, using downscaled outputs from the GFDL-CM4 global climate model and land cover
change simulations based on MapBiomas Colombia data and the Dinamica EGO tool. The Soil and Water
Assessment Tool (SWAT+) was calibrated and validated to simulate streamflow responses to these changes.
Additionally, a custom Reservoir Dynamics module was proposed to address limitations in SWAT+ for sim-
ulating reservoir operations. From the resulting unmet demand time series, the RRV indicators were calculated.
Results indicate that the Aburrá Valley's water security will become increasingly threatened due to the com-
bined effects of more intense rainfall events and extended dry periods. The Riogrande II and La Fe reservoirs
exhibit contrasting responses to projected climate and demand pressures. Riogrande II shows declining reli-
ability and resilience, and increasing vulnerability, particularly under severe climate scenarios. In contrast,
La Fe maintains higher performance due to its inter-basin pumping system, which buffers climate variab-
ility. However, rising demand leads to consistent declines in reliability and rising vulnerability over time.
Its dependence on external watersheds and energy-intensive infrastructure also poses structural risks. These
findings highlight that long-term water security in the Aburrá Valley depends not only on climate resilience
but also on the sustainability of water transfers and integrated reservoir management. The proposed meth-
odology offers a replicable framework for assessing water security in other urban regions facing similar challenges.

Keywords: Water security, Reservoir modeling, RRV Framework
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1 Introduction

The combined effects of demographic growth, land use change, and climate change are increasing
pressure on water resources worldwide, with particularly severe consequences in urban areas (Mishra
et al., 2021; Rahaman et al., 2022). Urban expansion often leads to a higher concentration of water
demand, degradation of natural ecosystems, and disruption of the hydrological cycle (Zhang et al.,
2019). As cities grow, the challenge of maintaining reliable, resilient, and sustainable water supply
systems becomes more acute. To anticipate and manage such risks, it is crucial to understand the
interaction between various drivers of change, particularly population growth, land use dynamics, and
climate change.

Population growth is a primary driver of increasing water demand, not only because it leads to a larger
number of consumers but also due to changes in spatial distribution and consumption patterns. As
urban populations expand, water infrastructure must extend to accommodate denser settlements, often
requiring significant investment in supply, treatment, and distribution systems (Flörke et al., 2013).
Moreover, rising living standards and economic development typically lead to increases in per capita
water consumption, especially in domestic and industrial sectors (Vörösmarty et al., 2000). Migration
patterns, such as rural-to-urban shifts, concentrate water demand in cities, intensifying the pressure on
already stressed urban water systems. Spatial redistribution of population also alters land use patterns,
often reducing permeable surfaces and increasing runoff, which affects local hydrological balances and
reservoir recharge rates (Zhang et al., 2019).

Changes in the climate and land use in the catching basin must be deeply integrated with demographic
scenarios for long-term water resource planning and management. To estimate future population scen-
arios based on historical growth trends, is a valuable tool to predict increases in the water demand
and inform infrastructure investment decisions (Lomax et al., 2022). Rapid urban growth and overex-
ploitation of water resources have already impacted the spatial and temporal distribution of water in
many regions (Rahaman et al., 2022).

Land use dynamics result from complex interactions between natural and socioeconomic factors (Yang
et al., 2022; Zhu et al., 2023). Spatiotemporal analysis of these changes is essential for understanding
their effects on surface energy flows, ecosystem functioning, and the hydrological cycle. To support
this analysis, spatially explicit models, such as cellular automata (CA)-based land use models, have
become fundamental tools for simulating driving factors, evolutionary processes, impacts, and future
change projections. Since the 1990s, CA models have been widely used to study urban expansion and
land use change (Liu et al., 2020; Tong & Feng, 2020; Chakraborty et al., 2022).

In parallel, climate change has altered global hydrological conditions, affecting both the quantity
and quality of water resources. Variations in temperature and precipitation patterns, as well as the
increased frequency of extreme events, modify key hydrological processes such as infiltration and surface
runoff (Ren et al., 2020; Rahaman et al., 2022). Together with land use changes and intensified human
activities, climate change negatively impacts watershed performance. Increased frequency, intensity,
and duration of drought events are expected under future climate scenarios (Chamani et al., 2022).

Water security refers to the ability of water systems and stakeholders to ensure sustainable, equitable,
and affordable access to sufficient and safe water for human well-being, economic development, and
ecosystem protection, while also safeguarding against water-related risks such as pollution and disasters
(Aboelnga et al., 2019). It is a dynamic concept that emphasizes continuous availability, legal access,
and social equity. Moreover, according to UN-Water (2019), water security fits within a broader notion
of human security, acting as a central link among political, health, economic, environmental, and other
societal concerns, reinforcing its role as a foundation for peace and development.

Assessing water security requires not only an understanding of physical water availability but also an
evaluation of how systems perform under stress. The RRV framework, comprising Reliability, which is
defined as the frequency of adequate supply, Resilience, which is speed of recovery from failures, and
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Vulnerability, that represents the magnitude of failures, has become a widely used approach to quantify
system performance in the face of uncertainty (Kjeldsen & Rosbjerg, 2009; Hashimoto et al., 1982).
These metrics provide complementary perspectives that support robust water management planning,
as demonstrated in case studies from Iran (Biglarbeigi et al., 2020; Moghadam & Malekmohammadi,
2025) and Vietnam (Nguyen et al., 2022).

Colombia is considered a country rich in water resources; however, the quantity and quality of available
water are increasingly affected by urban expansion and overexploitation, placing significant pressure on
water sources (Vargas-Pineda et al., 2020). The Metropolitan Area of the Aburrá Valley, located in the
Department of Antioquia, has undergone an intense process of industrialization in recent decades, accel-
erating rural-to-urban migration and resulting in a conurbation phenomenon due to the expansion of
urban areas around the municipality of Medellín, Antioquia (Área Metropolitana del Valle de Aburrá,
n.d.). The Medellín-Aburrá River is the main local river and it is insufficient to meet the current needs,
in quality and volume (Osorio Giraldo, 2019). Consequently, the region relies heavily on trans-basin
water transfers from the Riogrande II and La Fe reservoirs, which together supply approximately 90%
of the domestic water consumed in the metropolitan area (EPM, 2024a).

However, the sustainability of these reservoirs is increasingly challenged by changes in land use and
climate in their source watersheds. Conversion of vegetated areas into urban and agricultural land
changes infiltration, runoff generation, and sediment dynamics, thereby affecting streamflow and reser-
voir inflow (Shrestha et al., 2018; Farinosi et al., 2019). In parallel, shifts in precipitation patterns
and temperature regimes due to climate change introduce further uncertainty into water availability
(Pabón-Caicedo et al., 2020). These changes can compromise the reliability of water systems and make
it more difficult to plan and operate reservoirs effectively in the long term (Liu et al., 2020).

To anticipate and manage these risks, integrated modeling approaches are essential. Hydrological
models such as SWAT+ (Soil and Water Assessment Tool) allow the simulation of the impacts of
climatic and land use changes on streamflow and reservoir inflows (Sánchez-Gómez et al., 2025), while
land use change models, like DinamicaEGO, help project future land cover dynamics (Yang et al.,
2022). Moreover, water system performance will be assessed using the RRV metrics introduced earlier,
offering a structured way to quantify how water supply systems respond to stress and recover from
disruptions.

Several studies have investigated the impact of climate change, land use dynamics, and demographic
trends on water systems, using a variety of methodologies and focusing on diverse geographic regions.
For instance, Vargas-Pineda et al. (2020) studied water balance and water footprint in the Quenano-
Quenanito watershed in Colombia. Kumar et al. (2023) modeled land use changes under future climate
scenarios in a Hindu basin, while Chamani et al.i (2022) applied RRV analysis to evaluate climate
change impacts on a watershed in Iran. Gesualdo et al. (2019) assessed climate change impacts on
water security in the Metropolitan Region of São Paulo, Brazil.

While numerous studies have explored the individual impacts of climate and land-use change on hydro-
logical processes such as river flow and sediment yield within watersheds, fewer have investigated their
combined effects on reservoir performance, particularly in terms of water supply reliability (Nguyen
et al., 2022). This gap is especially critical given the growing importance of reservoirs in securing
water supplies for expanding urban areas under future climate scenarios. At the same time, there is a
recognized lack of local-level assessments of water security and the application of relevant performance
metrics, despite increasing interest in the concept globally (Pabón-Caicedo et al., 2020). As Aboelnga
et al. (2019) argue, water security measures must reflect the diverse and dynamic realities of local
contexts to effectively address urban water challenges and support the development of robust, adaptive
policy instruments.

In response to these challenges, this research aims to evaluate the impact of demographic change,
land use, and climate change scenarios on the water security of regions supplied by the Riogrande II
and La Fe reservoirs. The evaluation is conducted using the Reliability, Resilience, and Vulnerability
framework to answer the central research question: How projected changes in population, land use,
and climate will affect the capacity of the Riogrande II and La Fe reservoirs to ensure water security
for the Aburrá Valley over the next 50 years? An integrated modeling approach will be implemented,
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combining population demand projections, a hydrological simulation tool, and CA-based land use
change models, to provide useful insights for water resource planning in the Aburrá Valley. The specific
objectives of this research were: (a) to understand changes in water demand in the Aburrá Valley
based on demographic trends over the next 50 years; (b) to develop climate and land use scenarios for
the source watersheds of the La Fe and Riogrande II reservoirs in Antioquia, with the aim of assessing
potential changes in water supply to the Aburrá Valley over the next five decades; and (c) to evaluate
the water security of the Aburrá Valley, Antioquia, over time for the different water supply and demand
scenarios.
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2 Methodology

To assess the long-term water security of the Aburrá Valley, a multi-step methodological framework was
developed, integrating demographic, climatic, hydrological, and operational components. The Figure
1 presents a flowchart that summarizes the methodological framework adopted in this study.

Figure 1. Investigation methodology flowchart. GCM: General Circulation Model; SWAT: Soil and Water Assessment
Tool; RRV: Reliability, Resilience and Vulnerability.

The approach begins with the projection of future water demand based on population growth using a
logistic model. On the water availability side, climate change scenarios were generated from downscaled
GFDL-CM4 global climate model outputs, while land use change was simulated using the Dinamica
EGO version 8 model with data from MapBiomas Colombia Collection 1. These inputs were used to
drive the SWAT+ hydrological model, which was calibrated and validated to simulate streamflow in
the source watersheds (SWAT+ 61.0.1; QSWAT+ 2.5; SWAT+ Editor 3.0.8; SWAT+ Toolbox 3.0.6).
To address the limitations of SWAT+ in representing complex reservoir operations, a custom Reservoir
Dynamics module was implemented in python. Finally, the Reliability, Resilience, and Vulnerability
(RRV) indicators were calculated from simulated unmet water demand time series to evaluate system
performance under various future scenarios. All the geoprocessing was conducted on QGIS 3.34.12.
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2.1 Study area

The Aburrá Valley is located in the Central Cordillera in the northern part of the Colombian Andes
and is divided in ten municipalities: Medellín, Bello, Itagüí, Envigado, Caldas, Copacabana, La Estrella,
Girardota, Sabaneta, and Barbosa, covering an area of 1,152 km². The valley has a population of
approximately 3.5 million inhabitants, concentrating 59% of the department population in just 1.8%
of Antioquia's area (Giraldo, 2017; Ossa et al., 2021).

The Aburrá Valley exhibits a humid tropical climate, characterized by a bimodal precipitation regime
with rainfall peaks typically occurring between April�May and October�November. Average annual
precipitation ranges from 1400 to 2700 mm, and average temperature of 22ºC (Aristizábal et al., 2022).
The climate is strongly influenced by the Intertropical Convergence Zone (ITCZ) and is affected by
El Niño and La Niña events, which introduce significant interannual variability. Figure 2 presents the
Aburrá Valley region next to its water supply contributing watersheds corresponding to the Riogrande
II and La Fe reservoir systems.

Figure 2. Delimitation of study region. Region comprises the basins of Riogrande II and La Fe reservoirs which
supply 90% of the Aburrá Valley water demand.

The Riogrande II Reservoir is located in the Department of Antioquia, north of Medellín city. It
currently has a capacity of 185 million cubic meters (CNO, 2025), covering an area of 1,169 hectares
within the jurisdiction of the municipalities of Santa Rosa de Osos, Belmira, San Pedro, Entrerríos, and
Don Matías. Its main tributaries are the Grande River, the Chico River, and the Las Ánimas stream
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(Flórez Molina et al., 2017). Figure 3 shows the elevation, soil type and land use chracterization of the
Riogrande II reservoir watershed.

Figure 3. Riogrande II reservoir watershed, with its elevation (m a.s.l), soil type and land use/land cover.

As presented in Figure 3, the catchment area of the Riogrande II reservoir is located in mountainous
terrain, with elevation varing between 2,220 and 3,346 meters above sea level. In 2020, land use in
this watershed is dominated Mosaic of Agriculture and Pasture (63%), following by Forest (28%)
(MapBiomas Colombia, 2024). Soils are primarily composed of Ultisols, following by Inceptisols (López-
Ballesteros et al., 2023).

The reservoir has multiple uses, including hydroelectric power generation, potable water supply, and
recreation. The Manantiales Water Treatment Plant (WTP Manatiales) has a design flow of 6 m³/s,
with plans to expand to 9 m³/s; it currently operates at 4.3 m³/s, supplying approximately 40% of
the population of the Aburrá Valley (EPM, 2023; EPM, 2024a, Superintendencia Servicios Públicos
Domiciliarios, 2021). The minimum and maximum operating levels are 2,261 and 2,270 meters above
sea level, respectively (Flórez Molina et al., 2017; Sepúlveda-Sánchez et al., 2021).

The La Fe Reservoir is located in the municipality of El Retiro, in eastern Antioquia, southwest of the
Aburrá Valley. It has a capacity of 12 million cubic meters, covering an area of 1.33 km². Its natural
tributaries are the Espíritu Santo, Las Palmas, San Luis, Boquerón, Potreros, and La Miel streams,
and it also receives water through pumping from the Pantanillo, Buey, and Piedras rivers, the latter
contributing 6 m³/s during dry seasons (Flórez Molina et al., 2018; Amaringo Villa, 2022; Ramírez et
al., 2023). Figure 4 shows the chracteristics of La Fe reservoir watershed such as elevation, soil type
and landuse/ land cover spatial representation.
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Figure 4. La Fe reservoir watershed chracterization with elevation (m a.s.l.), soil type and land use/ land cover.

As shown in Figure 4, the elevation of La Fe reservoir watershed varies from 2,121 and 2,925 meters
above sea level. As in Riogrande II watershed, the most present soil type is the Ultisols (López-
Ballesteros et al., 2023). The land use in 2020 in this watershed was mostly Forest (55%), followed
by Mosaic of Agriculture and Pasture (37%) (MapBiomas Colombia, 2024). The La Fe reservoir
primary purpose is the supply of potable water, followed by energy generation and recreation. The La
Ayurá Water Treatment Plant (WTP La Ayurá) has a capacity of 9.2 m³/s but is currently operating
with a flow of 4.6 m³/s (Superintendencia Servicios Públicos Domiciliarios, 2021), serving 50% of the
population of Aburrá Valley (EPM, 2024a). The minimum operating level is 2,146 meters above sea
level, while the maximum level is 2,155 meters above sea level. The spillway elevation is 2,257 meters
above sea level (EPM, 2019; Flórez Molina et al., 2018).

According to Superintendencia Servicios Públicos Domiciliarios (2021), a series of water transfers are
required to supplement the volume of the La Fe Reservoir. A flow of 2 m³/s is authorized from the
Buey River to the Piedras River. From the Piedras River, 2 m³/s are authorized for transfer to the
Pantanillo River, from which 3.10 m³/s are authorized for pumping to the reservoir. A maximum of
four pump units operate simultaneously, with 1.5 m³/s each. Also based on the report, the pumping
system started at the end of the year 2005.
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2.2 Water demand

2.2.1 Population Data Collection: Census and Modeled Data

To carry out the demographic projection, information on the urban population was collected from
national censuses conducted by the National Administrative Department of Statistics (dane) between
1938 and 2018, totaling eight censuses (DANE, 1938; DANE, 1951; DANE, 1964; DANE, 1973; DANE,
1985; DANE, 1993; DANE, 2005; DANE, 2018). The Table 1 presents the urban population for the
municipalities of the Metropolitan Area of Aburrá Valley for each census.

Year Medellín Barbosa Bello Caldas Copaca-bana Girardota Itagüí La Estrella Envigado Sabaneta
1938 143,952 1,740 8,180 2,847 1,763 2,038 6,659 5,753 4,253
1951 328,294 2,763 28,398 5,846 2,673 2,481 11,027 2,864 13,392
1964 740,311 4,782 87,658 17,704 9,665 4,936 60,318 6,175 47,870
1973 1,122,099 7,830 103,039 28,635 21,231 11,022 90,828 14,533 76,523
1985 1,431,462 11,823 208,439 37,173 29,365 12,729 137,215 17,964 104,579
1993 1,551,160 13,379 257,711 45,251 39,621 17,131 175,626 33,626 130,766
2005 2,183,557 18,721 359,404 52,632 53,033 25,195 213,297 28,538 202,270
2018 2,320,248 21,469 456,897 61,442 62,102 27,896 234,939 57,451 271,842
2020 2,476,569 23,771 529,036 66,917 66,311 30,574 263,685 64,775 306,545
2021 2,506,656 24,868 536,766 68,174 67,553 31,615 267,720 65,928 311,398
2022 2,530,398 25,639 541,917 69,100 68,442 32,324 270,612 66,702 314,539
2023 2,553,621 26,343 546,902 69,957 69,303 32,970 273,385 67,454 317,539
2024 2,574,994 26,808 551,525 70,755 70,051 33,458 275,959 68,149 320,330
2025 2,593,542 27,216 555,509 71,410 70,691 33,900 278,179 68,734 322,772
2026 2,609,841 27,547 559,020 72,014 71,263 34,267 280,103 69,237 324,895
2027 2,624,783 27,825 562,182 72,518 71,790 34,590 281,856 69,695 326,755
2028 2,638,734 28,063 565,149 72,982 72,224 34,836 283,446 70,121 328,519
2029 2,651,875 28,234 567,955 73,385 72,623 35,069 284,915 70,483 330,135
2030 2,664,474 28,379 570,593 73,737 72,976 35,227 286�266 70,829 331,665
2031 2,676,581 28,499 573,087 74,055 73,321 35,378 287,538 71,159 333,084
2032 2,688,112 28,599 575,484 74,363 73,620 35,515 288,736 71,424 334,432
2033 2,698,987 28,699 577,760 74,647 73,896 35,623 289,866 71,715 335,705
2034 2,709,188 28,774 579,881 74,920 74,157 35,737 290,897 71,990 336,927
2035 2,718,758 28,865 581,834 75,152 74,407 35,835 291,878 72,228 338,018

Table 1. Urban population of the municipalities in the Metropolitan Area of the Aburrá Valley reported in
each national census and the DANE projections for the period 2020-2035.

About the numbers shown in Table 1, it is important to consider that the municipality of Sabaneta was
a district of Envigado and was officially established as a municipality in 1967 (Municipio de Sabaneta,
n.d.). Therefore, in this study, the two municipalities were considered as one to maintain consistency
in the sampled area. In 1938, there was no recorded urban population for the municipalities of Itagüí
and La Estrella. For adjustment purposes, the rural population was considered as the urban population.
In the 1993 national census, the urban population data for Medellín was adjusted population, while
for the other municipalities, the data corresponded to the actual census counts. As there were only a
few observation points (eigth censuses), municipal demographic projection values produced by DANE
for the period from 2020 to 2035 were included in the analysis (DANE, 2023), totaling 24 years
of �observation�.

The choice of the demographic projection model was based on the analysis of the relative annual
population growth rate of the municipalities between 1951 and 2018. Figure 5 presents the relative
annual population growth rate for the Aburrá Valley municipalities.
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Figure 5. Relative annual population growth rate of the municipalities in the Metropolitan Area of the Aburrá
Valley from 1951 to 2018. While most municipalities show a decreasing growth trend over time, Envigado and
Sabaneta maintained a nearly constant growth rate from 1985 onward.

According to Figure 5, in general, the annual growth rate of the municipalities decreased over the
sampled period, with the exception of Envigado/Sabaneta, which maintained a nearly constant growth
rate from 1985 onward. La Estrella, on the other hand, does not exhibit a clearly defined pattern.
Therefore, the demographic model used was the Logistic Growth Model.

2.2.2 Logistic Curve Model

The Logistic Model, was proposed by the mathematician Verhulst as a modification of the Malthu-
sian exponential growth law, which assumes unrestricted population growth (Equation 1). Verhulst's
modification considers that growth depends on the distance between the current population and some
saturation population (Adhikari and Raya, 2018).

Pt=
Ps

1+e¡ktm
(1)

where Ps is the saturation population, k is the growth rate, and tm is the year in which half of the
saturation population is reached (inflection point of the curve).

To find the best-fitting curve, the least squares method was used, in which the variables Ps , k, and
tm are defined by minimizing the sum of the squared residuals between the observed values and those
predicted by the model for each population data point (Miller, n.d.). The population data used in the
fitting have irregular temporal variation and are composed of both observed (census) and modeled
(DANE projections) data. Therefore, in the least squares fitting, a weighted adjustment was applied,
where the weight equation p is given by:

p=r�w (2)

where r is the observational importance and w is the temporal importance for each value. The observa-
tional importance is an arbitrary value defined by the user. In this research, census data were assigned
r=1 and DANE projections r=0.5. Temporal importance reflects the time interval that each data point
represents and is given by the following equations:

w0=
(t1¡t0)
2Mt (3)

wf =
(tf ¡t(f¡1))

2Mt (4)

wi=
(t(i+1)¡t(i¡1))

2Mt (5)
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where w0 is the temporal importance for the first observation, the wf is the temporal importance for
the last observation and the wi is the temporal importance for the intermediate observations.

2.2.3 Calculation of Domestic Water Demand

The calculation of domestic water demand was based on the Water and Sanitation Regulation 330
of 2017 (Minvivienda, 2017), which stipulates a maximum net allocation of 130 liters per person per
day (L/person�day) for elevations between 1200 and 2000 meters above sea level. The maximum gross
allocation (Db) is given by the equation:

Db=
Dnet
(1¡p) (6)

where Dnet is the maximum net allocation, and represents the percentage of system losses, which must
not exceed 25%.

According to EPM (2024a), the Loss Index, which includes both technical and commercial losses, was
35.18% for the 2023�2024 period. This actual value was used in the calculation of gross water demand.
In the press briefing EPM (2024a), it was reported that the Riogrande II and La Fe reservoir are
interconnected and supplie approximately 90% of the water demand in the Aburrá Valley, therefore
the total domestic water demand (TDWD) is given by:

TDWD=0.90�Db (7)

2.3 Water availability

2.3.1 Soil and Water Assessment Tool - SWAT+

SWAT (Soil and Water Assessment Tool Plus) is a widely used catchment-scale hydrological model
designed to simulate long-term, continuous hydrological and land management processes (Arnold et al.,
2012; Gassman et al., 2014). It is physically based and computationally efficient, simulating components
such as surface runoff, infiltration, evapotranspiration, lateral and base flow, soil moisture dynamics,
and groundwater recharge. Additionally, it models plant growth, nutrient and pesticide transport,
pathogen movement, and land use practices (Arnold et al., 2012).

The model divides the landscape into Landscape Units (LSUs) based on topographic characteristics,
which are further subdivided into Hydrologic Response Units (HRUs)�unique combinations of land
use, soil, and slope used to simulate localized hydrological behavior. HRU outputs are aggregated at
the LSU level, which facilitates more accurate representation of spatial heterogeneity and supports
routing and concentration time estimation (Bieger et al., 2017).

While the original SWAT model allowed for some management actions such as reservoir operation and
irrigation, it had limited flexibility (Neitsch et al., 2009), often requiring external coupling for complex
scenarios. SWAT+, a restructured version, overcomes these limitations with a more flexible spatial
framework and improved representation of management operations (Sánchez-Gómez et al., 2025).

A key innovation in SWAT+ is the decision table framework (Arnold et al., 2018), which triggers
management actions based on specific simulation conditions. It also introduces a dedicated water
allocation module, allowing detailed control of water transfers between model elements, critical for
simulating irrigation, inter-basin transfers, and other interventions (Sánchez-Gómez et al., 2025).

Reservoir behavior is also more accurately modeled in SWAT+. Reservoirs are no longer confined
to main channels or subbasin outlets; they can interact directly with various landscape elements
and aquifers. This flexibility allows water to enter reservoirs from upstream reaches, lateral flows, or
groundwater, improving the realism of water balance simulations (Bieger et al., 2017).
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These advancements make SWAT+ a powerful and versatile tool for simulating both natural hydro-
logical processes and human interventions. It addresses key limitations of earlier model versions and
enhances decision-making in complex and evolving environmental and climatic contexts.

Model calibration and validation

Calibration was performed by selecting parameters related to runoff generation, soil properties, and
aquifer processes, based on the SWAT+ documentation. Monthly streamflow calibration was carried
out using the Dynamically Dimensioned Search (DDS) algorithm with 500 iterations (Tolson and
Shoemaker, 2007), constrained within defined parameter ranges.

For the Riogrande II watershed, streamflow data from the two most important rivers in terms of flow
contribution Río Chico and Puente Belmira gauging stations were used (Uribe et al., 2020; Valencia
et al., 2024). Calibration was performed for the period 1997�2008, and validation for 2009�2015. For
the La Fe watershed, Las Palmas station, which is the main natural contributor to the reservoir, was
used, with calibration spanning 1993�1995 and validation in 1996 (Área Metropolitana del Valle de
Aburrá, 2008).

All calibration procedures were conducted using the SWAT+ Toolbox v3.0.6. The streamflow curves
were extracted from the figures of the mentioned studies using the tool automeris.io.

To evaluate the performance of the SWAT+ model in simulating streamflow, five statistical indicators
were used: the coefficient of determination (R²), the Nash�Sutcliffe Efficiency (NSE), the Root Mean
Square Error (RMSE), the Percent Bias (PBIAS), and the Kling�Gupta Efficiency (KGE). These
metrics provide complementary insights into the correlation, accuracy, and reliability of model outputs.

� Coefficient of Determination (R²): R² assesses the strength of the linear relationship between
observed and simulated values, ranging from 0 (no correlation) to 1 (perfect correlation). It
is commonly used in hydrological modeling for assessing temporal correspondence between
datasets (Krause et al., 2005) and it is given by:

R
2
=

0BB@ P
i=1
n (Qi

obs¡Q�obs)(Qi
sim¡Q�sim)P

i=1
n (Qi

obs¡Q�obs)2
q P

i=1
n (Qi

sim¡Q�sim)2
q

1CCA (8)

where Q is the streamflow, obs is the observation, sim is the simulated and the bar indicates
de mean.

� Nash�Sutcliffe Efficiency (NSE): NSE measures how well the predicted time series matches the
observed data. A value of 1 indicates a perfect fit, while values less than 0 suggest that the
model performs worse than the mean of the observations (Nash & Sutcliffe, 1970):

NSE=1¡
P

i=1
n (Qi

obs¡Qi
sim)2P

i=1
n (Qi

obs¡Q�obs)2
(9)

� Root Mean Square Error (RMSE): RMSE evaluates the average magnitude of model prediction
errors. It is sensitive to outliers and is expressed in the same units as the variable being modeled
(Willmott, 1981).

RMSE= 1
n

X
i=1

n

(Qi
obs¡Qi

sim)2
s

(10)
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� Percent Bias (PBIAS): PBIAS measures the average tendency of the simulated values to be
larger or smaller than their observed counterparts. A value of 0 indicates a perfect match, while
positive or negative values indicate systematic underestimation or overestimation, respectively
(Moriasi et al, 2007).

PBIAS=100
P

i=1
n (Qi

obs¡Qi
sim)P

i=1
n Qi

obs (11)

� Modified Kling�Gupta Efficiency (KGE'): It was developed to overcome limitations of NSE by
combining correlation, bias, and variability into a single metric (Gupta et al., 2009). Varying
between -0.41 and 1, where the value of 1 indicates perfect agreement between simulated and
observed data.

KGE0=1¡ (r¡1)2+(�¡1)2+(
¡1)2
q

(12)

where r is the Pearson correlation coefficient, the � is the bias ratio and 
 is the variability ratio.

Following the guidelines by Moriasi et al. (2007, 2015) (Table 2), NSE values above 0.50 are generally
considered satisfactory, above 0.65 good, and above 0.75 very good for monthly streamflow. For PBIAS,
values within �25% are satisfactory, �15% good, and �10% very good. Similarly, RMSE is interpreted
relative to the standard deviation of observed data, while R² values above 0.60 typically indicate
acceptable correlation. For KGE, values greater than 0.75 are considered very good (Gupta et al., 2019;
Kling et al., 2012), making it a robust alternative for integrated model evaluation.

Metric Very good Good Satisfactory Unsatisfactory
NSE > 0.85 0.70 < NSE � 0.80 0.50 < NSE � 0.70 � 0.50
R2 > 0.85 0.75 � R2 < 0.85 0.60 < R2 � 0.75 � 0.60
PBIAS ��3.00 �3.00 < PBIAS <�10.00 �10.00 � PBIAS ��15.00 >�15.00
KGE' > 0.80 0.60 < KGE' �0.80 0.40 < KGE' �0.60 < 0.40

Table 2. Performance rating criteria for model evaluation statistics used in hydrological modeling. Thresholds
for NSE, PBIAS, RMSE, R², and KGE are based on the guidelines from Moriasi et al. (2007, 2015) and Knoben
et al. (2019), with classifications of model performance ranging from unsatisfactory to very good.

Input data and parameters

The input data for topography, soil type, land use and land cover, and climate were obtained from
various sources (Table 3). Slope classes were derived from a 12.5 m resolution Digital Elevation Model
(DEM) from ALOS PALSAR (ASF DAAC, 2014) and categorized into five ranges: 0�5%, 5�15%,
15�40%, 40�60%, and >60%.

The soil map and its parametrization were based on the Digital Soil Open Land Map (DSOLMap),
a global dataset with a 250 m resolution designed for compatibility with the SWAT+ model (López-
Ballesteros et al., 2023). Although DSOLMap includes a six-horizon profile, the data were simplified to
three horizons with a total depth of two meters to reduce model complexity and facilitate groundwater
representation.

The land use and land cover map was sourced from MapBiomas Colombia Collection 1, with 30 m
resolution data available annually from 2000 to 2020 (MapBiomas Colombia, 2024). Its parametrization
was made using the default plant and urban database from SWAT+ (Appendix A). Climate data
inputs included daily precipitation from CHIRPSv2, 0.05º resolution (Funk et al., 2015) and hourly
temperature and solar radiation from ERA5, 0.25º resolution (Hersbach et al., 2023).

Climate data were interpolated to generate station-based time series. The number of virtual climate
stations was defined relative to watershed area: one station per 20 km² for Riogrande II (53 stations
total) and one per 3 km² for La Fe (27 stations). These were distributed to capture topographic and
land-use variability across the watersheds (Figures 3 and 4).
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Data Description Source
Digital Elevation
Model

Elevation data at a resolution of 12.5 m ALOS PALSAR

Soil type Soil map of the Riogrande II and La Fe watersheds,
250 m resolution

DSOLMap

Land use/
Land cover

Annual land-use/land-cover maps (2000�2020),
30 m resolution

MapBiomas Colombia

Precipitation Daily gridded data, 0.05o resolution CHIRPSv2
Temperature and
solar radiation

Hourly gridded data, 0.25o resolution ECMWF (ERA5)

Table 3. SWAT+ input data

CHIRPSv2 was selected based on its acceptable performance in representing Colombian precipitation
patterns compared to other products (Valencia et al., 2023). Hourly ERA5 temperature data were
aggregated to derive daily minimum and maximum values. A lapse rate correction of ¡6.5 °C/km
was applied to adjust temperature according to elevation. Solar radiation data were also converted to
daily values based on hourly ERA5 input. Potential evapotranspiration (PET) was estimated using
the Priestley�Taylor equation (Priestley & Taylor, 1972), and streamflow routing within the channel
network was modeled using the Muskingum method (Chow et al., 1988).

2.3.2 Reservoir modeling

SWAT+ Limitations for Reservoir Management
SWAT+ includes enhanced capabilities for water resources management through features such as
decision tables and a water allocation module. However, several limitations persist, particularly in the
current implementation of the user interface and its ability to represent complex reservoir operations:

� Land-use dynamics: SWAT+ does not support the inclusion of one land use map per simulation
year. Instead, land use changes must be modeled using decision tables, which only allow rule-
based transitions of land use�soil combinations at the HRU level. This approach prevents the
spatially explicit integration of land use changes generated by external models such as Dinamica
EGO. As a result, the detailed spatial and temporal patterns produced by these models are
lost, making it difficult to represent realistic land use dynamics and their hydrological impacts.

� Inflow representation constraints: SWAT+ does not allow for direct external inflows to reservoirs
beyond what is routed from upstream subbasins. For instance, in the La Fe reservoir, additional
water is pumped into the reservoir during dry months from neighboring catchments. Such
engineered transfers cannot be modeled directly in the standard reservoir setup, limiting the
model's ability to replicate operational realities.

� Temporal Resolution of Reservoir Operations: In SWAT+, reservoir outputs can be analyzed
at daily, monthly, or yearly time steps. However, it was observed that daily release values
sometimes exceeded flow rates that could be safely handled by the reservoir structure or the
receiving river channel. In contrast, the corresponding monthly values were within expected
operational limits. This suggests that while SWAT+ respects management constraints at the
monthly scale, the daily outputs may not adequately reflect physical or operational limitations,
indicating a limitation in the temporal disaggregation of reservoir releases.

Implemented Algorithm for Reservoir Simulation
Instead of dealing with the available reservoir management methods available in SWAT+, a customized
reservoir program (resv_dyn.py) was written in python to perform a more precise calculation that
includes: continuous changes in the water demand, continuous changes in the land use and realistic
reservoir releases. The reservoir volume evolution is calculated daily from the water balance equation:

Vn+1=Vn+Vinflow;n+Vpcp;n¡Vevap;n¡Voutflow;n¡Vwithdraw;n; (13)
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where Vn is the reservoir volume on the beginning of the n'th day and the remaining components
correspond to sources and sinks of water during the n'th day. The resulting relation between one day
and the next is a discrete dynamical system, or map, that allows to determine the daily evolution
of the reservoir volume based on the conditions of each day. In the equation (13) Vinflow is the water
inflow from the reservoir basin, Vpcp is the precipitation water directly over the reservoir, Vevap is the
evaporated volume during the day, Voutflow is the released water if the reservoir level goes above some
safety level and, finally, Vwithdraw is the volume used to satisfy the total demand, which includes the
ecologic demand, energy production and human consumption. The introduced map is then iterated
from a known initial reservoir volume V0 up to the desired number of projection days (N). Figure 6
presents the general overview of the resv_dyn module.

Figure 6. General overview of the resv_dyn.py module.

Water Inflow

The amount of water that arrives at the reservoir during the day can be calculated using SWAT+ for
a given configuration of the land use, but it is difficult to consider changes in the land management in
the simulation, as it requires a new setup for each configuration. Instead, we can calculate the inflow
for every day in two fixed land-use scenarios S24 and S74, where S24 is the land use in 2024 and S74
is the projected land use in 2074, then we can average the n'th day water inflow as

Vinflow;n=
�
N¡n
N

�
Vinflow;n(S24)+

�
n
N

�
Vinflow;n(S74)+Vextra_inflow;n; (14)

where N is the total number of days to be projected in the simulation. This equation smoothly
transitions between the current and final inflows without abrupt changes in the land use configuration
emulating a smooth transition in the land use management without the need to discretize the evolution
in shorter periods.

The additional term Vextra_inflow accounts for additional artificial inflows like pumped water from a
lower basin or channel. In the case of a pump system, the number of pumping units depends on the
current level of the reservoir and availability of the lower source. Two stages operation scenario were
considered: (I) The reservoir volume is below VTECMIN and a strong pumping is used, and (II) the
reservoir is below VPPAL and a slow pumping is used

Vextra_inflow(I) = VPIN_FAST; (15)
Vextra_inflow(II) = VPIN_SLOW: (16)
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When the reservoir level is below the technical minimum, the natural basin inflow is not being able
to sustain the reservoir level against the water demand and the system is likely to enter in a failure
mode. The pumping system is dimensioned so that the combined action of the pumping and the natural
inflow enhance the capacity of the reservoir to supply the demand. Figure 7 presents the overview of
the inflow algorithm.

Figure 7. Overview of the Inflow subroutine, part of resv_dyn.py module.

Precipitation and Evaporation

Are simply obtained by multiplying the accumulated precipitation/evaporation during the day (m) by
the current reservoir area (m²).

Since the total evaporated and precipitated volumes must be obtained from the climatic data, then, a
simple reservoir simulation is performed with SWAT+. Since the reservoir module only returns total
volumes (m³), the accumulated values (in m) are obtained by dividing the total volumes by the total
simulation reservoir area, then the resulting values are used to calculate the precipitation/evaporation
total volume for the corresponding area in resv_dyn.py on each simulation day.

Outflow

For the outflow calculation three scenarios are considered (see Table 5 for volume definitions): (I) The
reservoir volume is below the principal volume, (II) The reservoir volume is above the principal volume
and below 95% of the maximum volume and (III) The reservoir volume is above 95% of the maximum
volume. In scenario (I) there is no outflow, as the reservoir volume must increase to achieve its principal
value (VPPAL). In the scenarios (II) and (III) the outflow is calculated by setting a corresponding
recovery time (in days) for the reservoir to reach the principal value

Voutflow(II) = Vn¡VPPAL
TRSLOW

; (17)

Voutflow(III) = Vn¡VPPAL
TRFAST

; (18)

where TRSLOW was set to 2 days of recovery and TRFAST to 1 day. Notice that in scenario (III) the
time is shorter to prevent reservoir overflow in the case of strong precipitations as the volume is close
to the reservoir maximum. Since the other components of the water balance are not included in this
calculation it is not expected that the system will return to the principal volume in the defined number
of days, it can take more or less time depending on the current watershed inflow and precipitation.
Figure 8 shows a overview of the algotrithm of outflow/releases from the Reservoir Module.
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Figure 8. Overview of the Outflow subroutine, part of resv_dyn.py module.

Withdrawal

The withdrawal calculation is a little more involved, as it must take into account the water demand
and the reservoir status. There are three scenarios of interest: (I) The reservoir is above the technical
minimum (VTECMIN), (II) The reservoir is below the technical minimum and above the permanent
volume, and (III) The reservoir is below the permanent volume (VPER). The base demand from the
reservoir has the form

base_demand=VDECO+DEMFR�POP�VDIND+EXTRA_OUT; (19)

where VDECO is the daily ecological volume, DEMFR is the fraction of the city demand satisfied
by the reservoir, POP is the total population and VDIND is the individual daily demand. The extra
outflow EXTRA_OUT includes known demands for other uses or unspecified populations connected
to the reservoir. There are tabulated values for the individual daily demand that take into account
human needs and network losses, however they do not consider other uses that take place from economic
activities or city maintenance. These activities are nonetheless related to the current population levels,
as more population directly affects the level of economic and maintenance activities. To determine a
realistic value of VDIND, reference values obtained from the operation of the potabilization plant are
used with the known value of DEMFR. For instance, consider that the population and operation of the
plant are known at some point in time (POP_REF, DEMAND_REF), then, VDIND can be obtained
from the previous equation at that moment in time

VDIND= OPER_REF
POP_REF�DEMFR

: (20)

Depending on the reservoir level there are two different levels of energy production so as to prioritize
human consumption over energy production.

demand(I) = base_demand+reg_erg_demand_day; (21)
demand(II) = base_demand+min_erg_demand_day; (22)
demand(III) = base_demand+min_erg_demand_day; (23)

where reg_erg_demand_day is the volume of water to satisfy the regular energy demand and
min_erg_demand_day is some volume of water to satisfy a lower energy demand when the energy
production can compromise the water treatment. When the reservoir falls below the permanent level
the withdrawal can not occur, in that case the required volume becomes an unmet demand

Vwidthdraw(I) = demand(I); (24)
Vwidthdraw(II) = demand(II); (25)
Vwidthdraw(III) = 0; (26)

Vunmet = demand(III); (27)
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Although the evolution is calculated daily, the results are later added to express them on a monthly
basis that is more useful in an engineering setting. Figure 9 shows a overview of the algotrithm of
outflow/releases from the Reservoir Module.

Figure 9. Overview of the Demand subroutine, part of resv_dyn.py module.

The implementation in python of the Reservoir Dynamics module are provided in Appendix B.

Reservoir configuration

The Riogrande II and La Fe reservoir systems are interconnected through the supply network. Each
reservoir supplies a different water treatment plant (WTP), but the treated water is distributed via
an integrated urban supply system that serves the Aburrá Valley. Figure 10 illustrates the operational
structure of the system.

Figure 10. Diagram of Riogrande II and La Fe reservoir systems. Adapted from Superintendencia de Servicios
Domiciliarios (2021).

As shown in Figure 10, water from the Riogrande II reservoir is withdrawn through two main outlets.
One flow is directed to the La Tasajera hydropower plant (HPP) and then discharged into the Medellín-
Aburrá River. Another withdrawal supplies the Niquía HPP and subsequently flows to the Manantiales
WTP, which distributes treated water to the Aburrá Valley (Superintendencia de Servicios Públicos
Domiciliarios, 2021).

The Riogrande II reservoir relies entirely on natural inflows from its own watershed. In contrast, the
La Fe reservoir depends on a more complex system involving inter-basin water transfers based on
pumping infrastructure. Water is first diverted from the El Buey reservoir through a tunnel into the
Piedras River. From there, it is pumped into the Pantanillo River, where up to 6 m³/s can be further
pumped directly into the La Fe reservoir (Superintendencia de Servicios Públicos Domiciliarios, 2021).
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Water withdrawn from the La Fe reservoir passes through the La Ayurá HPP before reaching the La
Ayurá WTP, which supplies treated water to the regional distribution network.

Water withdrawal from each reservoir was governed by operational rules reflecting storage-dependent
management. Withdrawals are computed at the end of each daily time step. Water uses for both
reservoirs include energy generation, human consumption, and environmental flow, summarized in
Table 4.

Reservoir Use Normal operation
(m³/s)

Exceptional operation
(m³/s)

Riogrande II

Energy generation 26.50 13.25
Human consumption 4.30 4.30
Environmental flow 13.27 13.27
Total 44.07 30.82

La Fe

Energy generation 5.20 5.20
Human consumption 5.20 5.20
Environmental flow 4.35 4.35
Total* 9.55 9.55

Table 4. Summary of water uses and allocation thresholds for the Riogrande II and La Fe reservoirs, including
withdrawals for energy generation, human consumption, and environmental flow (CORANTIOQUIA, 2015;
CORNARE, 2023; EPM, 2023; Superintendencia Servicios Públicos Domiciliarios, 2021). *The non-environ-
mental flow for La Fe Reservoir goes through the energy generation stage and later enters the treatment facility
(so it only is counted once), while in the Riogrande II reservoir the flow is split for these usages.

In Table 4 are presented two scenarios of operation for Riogrande II, varying in the water flow used to
generate energy generation. The information required to configure volumes and areas of the Riogrande
II and La Fe reservoirs is summarized in Table 5. These data was derived from bathymetric studies
conducted by Empresas Públicas de Medellín (CNO, 2025; EPM, 2015; EPM, 2019). Since no inform-
ation was available on the initial reservoir volumes at the simulation start date, it was assumed that
the reservoirs began at 80% of principal storage capacity.

Parameters Description Riogrande II
reservoir

La Fe
reservoir

Principal Volume
(Mm³)

Volume of water needed to fill
the reservoir toprincipal spillway

185.26 11.33

Principal area
(ha)

Reservoir surface area when reser-
voir is filled to principal spillway 980.00 126.00

Emergency volume
(Mm³)

Volume of water needed to fill the
reservoir to emergency spillway 235.99 13.53

Emergency area
(ha)

Reservoir surface area when reser-
voir is filled to emergency spillway 1152.00 138.00

Initial volume
(Mm³)

Reservoir volume at the beginning
of simulation 148.21 9.06

Table 5. Summary of configuration parameters for the Riogrande II and La Fe reservoirs. The data were
obtained from bathymetric studies conducted by Empresas Públicas de Medellín (CNO, 2025; EPM, 2015; EPM,
2019).

2.3.3 Land use and land cover scenarios

DinamicaEGO

The land use and land cover (LUCC) data used in this study were generated by modeling LUCC
dynamics for the Riogrande II and La Fe watersheds using Dinamica EGO (Environment for Geo-
processing Objects). This free, user-friendly platform allows the construction of spatially explicit
environmental models�ranging from simple to highly complex�through a graphical interface. It
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integrates standard GIS functions with specialized land change simulation tools, such as cellular auto-
mata and calibration algorithms. While Dinamica EGO offers high flexibility and performance, it may
simplify underlying processes (Almeida et al., 2008, Soares-Filho et al., 2013, Soares-Filho et al., 2013,
Rodrigues & Soares-Filho, 2018). To model the land use and land cover of the Riogrande II and La Fe
watersheds it was used the land use change algorithm as described in the documentation, MODULE
VIII (Leite-Filho et al., 2020).

Input Data

The MapBiomas Colombia Collection 1, released in November 2023, provides annual LUCC maps
from 1985 to 2022 at 30-meter resolution. These maps were created using pixel-by-pixel Landsat
classification and machine learning in Google Earth Engine (MapBiomas Colombia, n.d.). The dataset
includes two hierarchical levels: Level 1 with five general LUCC classes and Level 2 with 18 detailed
classes. For Level 2, the overall classification accuracy is 91.2%, with 6.3% assignment disagreement
and 2.5% area disagreement (MapBiomas Colombia, n.d.).

For this study, the period 2000�2020 was selected for calibration and validation to reflect recent land
change dynamics. Eight Level 2 classes were present in at least one study area: Forest, Pinus, Other
Non-Forest Formation, Mosaic of Agriculture and Pasture, Urbanization, Other Non-Vegetated Cover,
Mining, and Water Bodies.

Calibration and Validation

Calibration begins with defining a transition matrix (TM), which quantifies how LUCC classes change
over time. Each column represents the current class and each row the probability of changing to another
class. The matrix can represent single or multiple time steps. In this study, a yearly multi-step TM
with 20 steps was generated to translate the observed changes of the period 2000-2020.

The next step involves computing Weights of Evidence (WoE), a Bayesian approach adapted to LUCC
modeling to assess the influence of spatial variables on specific transitions (e.g., deforestation from
forest to agriculture). Variables such as slope, elevation, and distance to roads are categorized, and
weights are assigned based on their association with change. Positive weights suggest increased like-
lihood; negative, reduced likelihood; and values near zero, no effect (Leite-Filho et al., 2020). For the
present study, it was considered the effect of slope, soil, and municipality limits.

WoE relies on spatial independence between variables. To verify this, tests such as Chi-square, Cramer's
V, and Joint Uncertainty Information were used. If correlated, variables were either excluded or com-
bined. Transition probability maps were generated from the weights and used to calibrate the model.

For validation, cross-tabulation was used to compare observed and simulated maps to assess classific-
ation accuracy. This method provides overall, user's, and producer's accuracy (García-Álvarez et al.,
2022):

� Overall Accuracy: proportion of correctly classified pixels.

� User's Accuracy: likelihood that a pixel labeled as a class on the map truly belongs to it
(commission error).

� Producer's Accuracy: probability that a reference pixel was correctly classified (omission error).

For change detection, the Figure of Merit (FoM) quantifies spatial agreement between observed and
simulated LUCC maps, ranging from 0% (no agreement) to 100% (perfect match):

FOM= B
A+B+C+D

(28)

where A are the observed change not simulated (misses), B are the correctly simulated change (hits), C
are the wrong change category (wrong hits) and D are the simulated change not observed (false alarms).

Cross-tabulation and accuracy metrics were computed using the Semi-Automatic Classification Plugin
in QGIS, following procedures described in Land Use Cover Datasets and Validation Tools, Chapter
III (García-Álvarez et al., 2022).
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To complement the validation process, a multiple-window similarity analysis was applied. This method
uses a decay function (e.g., exponential or constant) across varying spatial windows to evaluate the
similarity between simulated and observed changes. Unlike pixel-to-pixel comparisons, it assesses agree-
ment based on the number of changed cells within a window, regardless of their exact location. This
approach allows for the evaluation of model performance at different spatial resolutions, making it
particularly valuable when analyzing high-resolution maps, as is the case in this study (Leite-Filho et
al., 2020).

In Dinamica EGO, this analysis is implemented using a fuzzy similarity algorithm based on the method
proposed by Hagen, 2002. In this study, a constant decay function was selected, meaning that any
correspondence between observed and simulated changes within the analysis window is considered an
agreement, regardless of the specific location of the changes within that window.

2.3.4 Climate change scenarios

The GFDL-CM4 model was selected for this study due to its demonstrated ability to reasonably
simulate both seasonal precipitation and near-surface air temperature patterns in Colombia (Arias
et al., 2021; Ortega et al., 2021). GFDL-CM4 is one of the few models consistently identified as
providing realistic simulations of the seasonal behavior of both variables, which is particularly relevant
for hydrological studies. These findings align with broader assessments of CMIP6 models in Central
and South America, where GFDL-CM4 has been highlighted for its improved representation of seasonal
climate dynamics compared to CMIP5.

Daily near-surface temperature (maximum and minimum), precipitation and solar radiation outputs
from GFDL-CM4 were obtained at a spatial resolution of 1° � 1° from the Earth System Grid Feder-
ation (ESGF) (Adcroft et al., 2019). These data were extracted for nine grid cells covering the study
watershed, and used for further processing and bias correction.

The SSP-RCP framework combines Shared Socioeconomic Pathways (SSPs), which describe plausible
future socio-economic developments, with Representative Concentration Pathways (RCPs), which rep-
resent distinct levels of radiative forcing by 2100. These scenarios provide a coherent framework for
projecting future climate conditions, integrating assumptions about population growth, technological
change, land use, and climate policy (IPCC, 2024).

While widely adopted, the SSP-RCP framework also has limitations, including simplified assumptions
about global cooperation, uniform reductions in ozone-depleting substances, and limited representation
of non-CO₂ greenhouse gases, aerosols, and ocean-atmosphere interactions. These factors can influence
the precision of long-term projections (IPCC, 2024).

This research used two climate change scenarios from the CMIP6 framework: SSP2-4.5 and SSP5-
8.5. The SSP2-4.5 scenario represents a stabilization pathway, with greenhouse gas (GHG) emissions
peaking around mid-century and a radiative forcing of 4.5 W/m² by 2100. It reflects a future of
moderate societal vulnerability and mitigation. In contrast, SSP5-8.5 represents a high-emissions tra-
jectory with continued fossil-fuel-driven economic growth and minimal climate policy implementation,
resulting in 8.5 W/m² of radiative forcing by 2100. These scenarios were selected to capture a plausible
range of future climate conditions, from intermediate to extreme warming, and are widely used in
CMIP6-Endorsed Model Intercomparison Projects (MIPs) (O'Neill et al., 2017; IPCC, 2023).

These two climate change scenarios were compared to a Reference scenario, that is simply the 'paste
and copy' of the historical records of precipitation, temperatures and solar radiation.

Bias correction

Statistical bias correction aims to adjust systematic deviations in climate model outputs using empirical
relationships derived from historical observations and simulations. The correction model was trained
using a historical reference period of 1994�2023, during which both observed and simulated data were
available. Since future observations do not exist, the method assumes stationarity�that the statistical
relationship between observed and modeled series remains constant over time (Lehner et al., 2021). This
assumption should be considered when interpreting future projections. For this study, bias correction
was applied to daily precipitation, maximum temperature, minimum temperature and solar radiation
over the grid cells covering the study watershed.
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Several techniques exist for statistical bias correction, from simple mean adjustments to more complex
methods like quantile mapping. For this study, the Quantile Delta Mapping (QDM) method was
selected (Cannon et al., 2015), as it corrects the full distribution while preserving the climate change
signal across quantiles, including extremes. This is particularly important for hydrological applications
sensitive to changes in precipitation variability and temperature extremes.

The correction was implemented using the QuantileDeltaMapping function from the xclim python
library (Bourgault et al, 2023). This function adjusts each quantile based on empirical cumulative
distribution functions (CDFs) of historical observations and model outputs, ensuring consistency in
corrected future time series. The bias-corrected daily series were subsequently used as inputs for
hydrological simulations to evaluate the performance of the regional reservoir system under projected
climate change scenarios.

2.3.5 Modeling scenarios

Given the ability of the resv_dyn.py program to generate a curve that transitions between the land
use scenarios of 2024 and 2074, it is possible to produce a curve for each climate scenario. Therefore,
the simulation scenarios (Table 6) combine two land use scenarios: 2024 and 2074, with three climate
scenarios: a reference scenario (R), SSP2-4.5 (M, for Moderate), and SSP5-8.5 (E, for Extreme), which
the last two are based on the GFDL-CM4 climate model. The reference climate scenario consists of
repeating the observed period (1994�2023) up to the year 2074.

Climate \ Land use 2024 2074
Reference R24 R74
Moderate (SSP2-4.5) M24 M74
Extreme (SSP5-8.5) E24 E74

Table 6. Land use and climate change scenarios.

The outputs of interest focus on reservoir dynamics, including inflow, storage, outflow, withdrawal,
and unmet demand. Using the unmet demand time series, the Reliability, Resilience, and Vulnerability
indices were calculated.

2.4 Reliability, Resilience and Vulnerability framework
To evaluate the performance of the reservoir system over the study period (2024�2074), the Reliability,
Resilience, and Vulnerability (RRV) framework was applied using daily time steps. The RRV indexes
are defined by Hashimoto, 1982:

� Reliability was calculated as the proportion of days in which the reservoir storage met or
exceeded the water demand. This indicator reflects the frequency with which the system per-
forms satisfactorily and is a primary measure of operational success under changing conditions.

Rel=1¡
P

j=1
M d(j)
T

(29)

where d (j) is the duration of the jth failure event, M is the number of failure events, and T is
the total duration of the observation.

� Resilience was defined as the ratio of recovery events (i.e., transitions from failure to success)
to the total number of failure events. This index captures the system's ability to recover from
unsatisfactory conditions and reflects its capacity for adaptation over time.

Res=

24 1
M

X
j=1

M

d(j)

35¡1; (30)

where again d(j) is the duration of the j'th failure event and M is the total number of failure
events. It is important to note that, both for no-failure events and for events in which the system
recovers within one day, Resilience is equal to 1.
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� Vulnerability was assessed using the average deficit volume observed during any failure day,
the typical severity of failures, without replacing the maximum as the primary vulnerability
indicator.

Vul= 1
M

X
j=1

M

v(j); (31)

where v(j) is the deficit volume of the j'th failure event.

This combination of performance metrics balances interpretability, statistical robustness, and relev-
ance to water resources risk assessment. It aligns with recent methodological recommendations that
emphasize the importance of avoiding redundant or non-monotonic estimators in RRV analyses, while
retaining metrics that capture both extreme events and representative system behavior (Hashimoto et
al., 1982; Kjeldsen & Rosbjerg, 2009).

3 Results

3.1 Water demand

Figure 11 shows the demographic projections for each municipality in the Aburrá Valley, as well as
the total population of the region. The logistic growth model fitted the observed census data and the
official projections from DANE satisfactory, as indicated by the R² values, equal or superior to 0.97,
presented in Table 7.

Figure 11. Demographic growth for the Aburrá Valley municipalities projected from 2024 to 2074.

Municipality R² Psat k tm
Medellín 0.99 2,969,971 0.05 1987
Barbosa 0.99 37,788 0.04 2005
Bello 0.99 667,174 0.05 2000
Caldas 0.99 84,116 0.05 1991
Copacabana 0.99 81,194 0.06 1994
Girardota 0.99 42,681 0.05 1999
Itagüí 0.99 314,136 0.05 1990
La Estrella 0.97 88,894 0.05 2006
Envigado and Sabaneta 0.99 394,102 0.06 2001

Table 7. Fitted parameters of Logistic Model for the municipalities of Aburrá Valley.
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According to Figure 11, Medellín remains the most populous municipality in the valley, with a projected
population of 2,931,774 inhabitants (65.5% of the total) by 2074, followed by followed with ample
margin by Bello, with 659,387 inhabitants (14.3%) at the end of the study period. According to
the fitted parameters presented in Table 7, these two municipalities will be close to reaching the
saturation population by 2074, 2,696,971 and 667,174 inhabitants, respectively. Envigado and Sabaneta
surpassed Itagüí around 2005 and exhibited a combined population growth rate of 24.52% throughout
the projection period.

Barbosa and La Estrella display the highest growth rates among the municipalities, with 37.78% and
32.77%, respectively. In contrast, the lowest growth rates are observed in Itagüí (13.72%), Medellín
(14.40%), and Copacabana (15.78%).

By the end of the projection period in 2074, the total population of the Aburrá Valley is expected to
reach 4,620,033 inhabitants, reflecting a cumulative growth of 16.88%. According to municipal pro-
jections from DANE (2023), the region's population in 2024 was approximately 3,992,029 inhabitants.
These results suggest that the Aburrá Valley is approaching a saturation point in the population
growth.

Based on the estimated maximum net water demand per capita and the system's water loss rate, the
gross annual water demand per inhabitant was calculated following the RAS 330/2017 standard:

Db=
Dnet
1¡p=

130
1¡0.35=200

l
habday

=73 m3

habyr

from which the total domestic demand is

Total domestic demand=0.9�Db=65.7
m3

habyr

The total domestic water demand was then multiplied by the annual population projections to estimate
the total gross water demand for the Aburrá Valley. Figure 12 presents the projected total annual
demand for the Aburrá Valey and its municipalities.

Figure 12. Total domestic water demand for the Aburrá Valley municipalities projected from 2024 to 2074.

Since the domestic water demand is calculated using the population projections, the curves in Figure
11 present the same behaviour observed in Figure 12. By 2074, the annual domestic water demand
in the Aburrá Valley is expected to reach 303,536,168 m³. Since the population projection is already
approaching the saturation value, domestic water demand is expected to increase slightly over the
study period.
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To determine the Aburrá Valley real-time water demand, it was developed a reservoir dynamics sim-
ulator based on the daily water balance between the different hydrological components and the total
water withdrawal (resv_dyn python module, Appendix B). The withdrawal includes the WTP treat-
ment flow and the environmental flow.

For the year 2024, the nominal treatment flow of WTP Manantiales was 4.3 m³/s, responsible for
supplying 40% of the Aburrá Valley demand (EPM, 2024a), for a corresponding region population
of 3,952,868 inhabitants. Using Equations (20) and (19), the individual demand can be calculated
based on the WTP production rate at the given population level:

VIND = OPER_REF
POP_REF�DEMFR

;

VIND = 4.3m3/s
3;952;868 hab�0.4=

371;520m3/day
1581147.2 hab

=0.23 m3

hab�day :

Which can then be used to determine the total population demand at any time by multiplying by the
projected population. Considering a environmental flow of 13.27 m³/s and the projected population in
2074, the base demand of Riogrande II reservoir is

base_demand = VDECO+DEMFR�POP_REF�VIND+EXTRA_OUT;

base_demand(2074) = 1;146;528 m3

day
+0.4�4;620;033 hab�0.23 m3

day
+0

= 1;571;571.04 m3

day
;

so that the total annual volume is

total_volume(2074)=573;623;428.1m3:

Analogously, for La Fe reservoir, the WTP treatment plant in 2024 was 5.5 m³/s, supplying water for
50% of the region, with an environmental flow of 4.35 m³/s (EPM, 2024a) and an additional outflow of
0.6 m²/s to supply water for the San Nicolás Valley (Appendix E). The daily individual water demand
takes the form

VIND = OPER_REF
POP_REF�DEMFR

;

VIND = 5.5m3/s
3;952;868 hab�0.5=

475;200m3/day
1;976;434 hab

=0.24 m3

hab�day :

Leading to the total base demand of the reservoir for 2074

base_demand = VDECO+DEMFR�POP_REF�VIND+EXTRA_OUT;

base_demand(2074) = 375;840 m3

day+0.5�4;620;033 hab�0.24
m3

day+51;840
m3

day

= 982;083.96 m3

day;

so that the total annual volume is

total_volume(2074)=358;460;645.4m3:
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Therefore, the total base demand for 90% of the Aburrá Valley in 2074 is 932,084,073.5 m³, approx-
imately three times that of the total domestic demand for the same year. To the base demand it was
added to the energy generation demand, depending on the reservoir's storage volume. The results are
presented in Section 3.3.

3.2 Water availability

3.2.1 SWAT+ calibration and validation

The calibrated parameters of monthly streamflow calibration using the Dynamically Dimensioned
Search (DDS) algorithm after 500 iterations are presented in Table 8. The resulting calibration metrics
are discused along with the results.

Parameter Change type Riogrande II La Fe
alpha Replace 0.01 0.01
revap_min Replace 0.00 0.01
flo_min Replace 24.76 3.32
revap_co Replace 0.04 0.03
sp_yld Replace - 0.28
awc Relative -30.00 10.00
k Relative 21.05 20.00
cn2 Relative 30.00 20.00
ovn Relative -23.08 -20.00
cn3_swf Replace 1.00 0.97
esco Replace 0.09 0.76
epco Replace 0.45 -
perco Replace 0.73 0.37
petco Replace - 1.04
lat_len Relative -40.00 4.67
surlag Replace 3.54 1.55

Table 8. Calibrated parameters for the SWAT+ model for both hydrographic basins.

Figures 13 and 14 show the calibration and validation results of the SWAT+ model for the Riogrande
II reservoir watershed, using the Puente Belmira and Río Chico gauging stations, respectively.

Figure 13. Calibration (1997�2008) and validation periods (2009�2015) of SWAT+ for monthly streamflow of
Puente Belmira gauge station, basin Riogrande II reservoir.
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According to the Figure 13 performance classification proposed by Moriasi et al. (2007, 2015), model
calibration at Puente Belmira station is considered �unsatisfactory� (NSE = 0.58; R² = 0.58), �good�
performance considering KGE = 0.69, and �very good� based on a PBIAS of -0.20%. The root mean
square error (RMSE) during calibration was 3.63 m³/s. During validation, model performance had
slight variations: NSE and R² decreased to 0.53, KGE decreased to 0.64, while PBIAS increased to
14.13%. RMSE increased to 4.70 m³/s.

At the Río Chico station (Figure 14), model performance during calibration is classified as �unsat-
isfactory� with NSE and R² equal to 0.47, �good� as KGE = 0.59 and PBIAS = 9.33%. The RMSE
is 1.44 m³/s. In the validation period, the performance metrics slightly change since NSE and R² are
equal to 0.51 (�satisfactory�), KGE increased to 0.62 (�good�), PBIAS increased to 17.69% and RMSE
was 1.62 m³/s.

Figure 14. Calibration (1997�2008) and validation (2009�2015) of SWAT+ for monthly streamflow of Rio Chico
gauge station, basin Riogrande II reservoir.

Although the NSE score falls in the "unsatisfactory" range, the high KGE score of 0.60, approximately,
in both stations, suggests that the model performs reasonably well in capturing the key statistical
characteristics of the observed data, while presenting a clear temporal correlation with the observation
with similar flow patterns. This indicates a reasonably accurate description of the physical processes
in the basin, providing confidence in the model's applicability for scenario analysis or decision-making,
particularly when the goal includes capturing general patterns and accumulated flows rather than
exact replication of peaks and valleys. Overall, as shown in Figures 13 and 14 and supported by the
performance metrics, the model tends to underestimate streamflows, particularly during peak events,
and exhibits a small lag in the rising limb of the hydrograph in the Riogrande II watershed.

Figure 15 presents the observed and simulated curves of monthly average streamflow for the Quebrada
Las Palmas station in the La Fe reservoir watershed.
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Figure 15. Calibration (2003�2005) and validation (2006) of SWAT+ for monthly streamflow of Quebrada Las
Palmas gauge station, basin La Fe reservoir.

According to Figure 15, model performance for quebrada Las Palmas station was classified as �very
good� in both calibration and validation, with NSE and R² values of 0.88 and 0.86, in calibration
and validation period, respectively. The model classification based on KGE was also �very good� in
calibration and validation period, with value equal to 0.91 in both periods. PBIAS also indicated �very
good� performance during calibration with -0.71%. However, in validation, the model underestimated
observed streamflows by 16.78%, which is considered �unsatisfactory�.

In general, some of the performance limitations observed, especially in terms of flow bias, may be attrib-
uted to uncertainties in the input climate data, which are derived from physical models and reanalysis
products that inherently carry biases due to resolution, data assimilation, and modeling assumptions.
Furthermore, uncertainties in the observed monthly streamflow data, which were extracted from pre-
vious studies and pre-processed, may also affect the accuracy of the model by not fully reproducing
the flow magnitude.

It is also important to consider the length of the calibration and validation periods. For Riogrande II
watershed, calibration covered a relatively long period (1997�2008) followed by a seven-year validation
period (2009�2015), allowing a more comprehensive evaluation of model performance under diverse
hydrological conditions. In contrast, the La Fe reservoir watershed calibration (2003�2005) and valid-
ation (2006) periods were much shorter due to the limited available data. Although the performance
metrics were high for La Fe reservoir watershed, the limited time frame may reduce the model's
robustness and its ability to generalize to different climatic or hydrological scenarios. These results
should therefore be interpreted with caution, and future work should aim to include longer time series
for more reliable calibration and validation.

3.2.2 Land use scenarios

Land use model validation

The transition matrices and weights of evidence used to generate the probability maps are presented
in Appendix C. Based on the error matrices Appendix D, we can calculate the overall accuracy, which
was 83.08% for Riogrande II and 68.73% for La Fe.

The validation metrics, Figure of Merit (FoM), Producer's Accuracy, and User's Accuracy calculated
from the error matrices through spatial overlay analysis are presented in Table 9. The land use change
modeling results show varying levels of agreement between the simulated and observed maps for the
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two watersheds. For the Riogrande II watershed, the FoM was 28.31%, which is considered moderate
and suggests that the model was able to capture a reasonable portion of actual land use changes. Pro-
ducer's and User's Accuracies were also similar, 43.22% and 43.83%, respectively, indicating balanced
performance in terms of both the proportion of observed changes correctly simulated (Producer's
Accuracy) and the proportion of predicted changes that were correct (User's Accuracy).

Metric Riogrande II La Fe
Figure of Merit (%) 28.31 11.96
Producer's Accuracy (%) 43.22 19.04
User's Accuracy (%) 43.83 22.67

Table 9. Validation metrics of land use change model for Riogrande II watershed and La Fe watershed

In contrast, the model's performance for the La Fe watershed was lower, with a FoM of 11.96%, and
Producer's and User's Accuracies of 19.04% and 22.67%, respectively. These results suggest that
the model had more difficulty capturing the detailed land use dynamics in La Fe, potentially due to
limitations in input data, model assumptions, or differences in the spatial complexity of land change
processes in that region. Although there are no universally accepted thresholds for these metrics, similar
studies have reported FoM values ranging from 10% to 40% under realistic modeling scenarios (Pontius
et al., 2008; Camacho Olmedo et al., 2013), supporting the interpretation of Riogrande's performance
as good and La Fe's as acceptable.

It is important to note that these metrics are calculated based on the spatial overlay of simulated and
observed change maps. Therefore, they are strongly influenced by the resolution and precision of the
spatial data. In this research, the land use maps have a spatial resolution of 30 meters, which poses
a challenge for pixel-level agreement, especially when using probabilistic or stochastic models that
estimate the likelihood of change rather than its exact location. Small spatial mismatches between
predicted and observed changes can reduce the performance of these metrics, even when the model
successfully captures broader patterns and quantities of change. As a result, FoM and related accuracy
scores can be overly strict when applied at high spatial resolution.

To address this issue, a multiple window similarity analysis was performed. Figure 16 illustrates the
similarity between the observed and simulated maps as a function of window size. The x-axis represents
the number of pixels that define the side of a square analysis window: for example, a 3�3 window
corresponds to an area of 90 meters per side, a 5�5 window to 150 meters, and so on. For stochastic
land use models, a similarity above 50% is generally considered acceptable.

Figure 16. Multiple window similarity analysis for the Riogrande II and La Fe watershed

As shown in the Figure 16, the Riogrande II model reaches the 50% similarity threshold with a
window of just 2 pixels per side (i.e., 60 meters), indicating relatively strong spatial agreement even at
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finer resolutions. In contrast, the La Fe model reaches this threshold only with a 240-meter window,
suggesting lower spatial precision in replicating land use change patterns.

These findings indicate that the Riogrande II model demonstrates higher spatial accuracy than the La
Fe model, particularly at finer resolutions. The need for a larger window to reach acceptable similarity
in La Fe suggests that the model has limited capacity for capturing the pixel-level spatial distribution
of changes, but reproduces satisfactorily the land-use distribution at lower resolutions. While this is not
problematic for describing the overall transport phenomena at a watershed level it is worth mentioning
that such limitations may be attributed to smaller watershed size, or more fragmented and complex
land use dynamics.

Land use projections

Figure 17 presents the land use and cover projection for the period 2024 - 2074, for the Riogrande II
reservoir watershed.

Figure 17. Land use change projections for the Riogrande II watershed for the period of 2024 - 2074. Land use
area relative to the initial area (right, top), Land use area relative to the watershed area (right, bottom), and
the projected spatial distribution of the land use (left).

In the Riogrande II watershed (Figure 17), the dominant land use is Agriculture and Pasture Mosaic,
followed by Forest cover. Over the course of the simulation period, significant changes are projected.
Forest cover is expected to decrease from 33% to 18.5%, while the Agriculture and Pasture Mosaic is
projected to expand, from 57% to 76% of the watershed area. The Páramo ecosystem (classified as
Other Non-Forest Formation) is also anticipated to decline sharply, shrinking from 9% to just 1.35%.
Although Urban areas occupy a relatively small portion of the watershed, urbanization is projected to
increase 12 times by 2074, reaching 0.36% of the total area.

Figure 18 presents the land use and cover projection for the period 2024 - 2074, for the La Fe reservoir
watershed.
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Figure 18. Land use change projections for the La Fe watershed for the period of 2024 - 2074. Land use area
relative to the initial area (right, top), Land use area relative to the watershed area (right, bottom), and the
projected spatial distribution of the land use (left).

In the La Fe watershed (Figure 18), Forest remains the dominant land cover until around 2040, when
it is overtaken by the Agriculture and Pasture Mosaic. Over the study period, Forest is projected to
decline significantly, from 56.5% to 32.2%, while the Agriculture and Pasture Mosaic increases from
36.4% to 51.75%. Urbanization shows the most dramatic growth, expanding nearly 800 times, from
virtually 0% to approximately 5% of the watershed area by the end of the projection period. Similarly,
Other Non-Vegetated Areas are expected to grow substantially, increasing about 20 times, from 2%
to 5% of the total area.

The projected land use changes in both the Riogrande II and La Fe watersheds is consistent with the
ongoing and increasing human pressure on natural ecosystems. Natural Forest and Páramo ecosystems
are the most affected land covers, primarily due to the expansion of the Agriculture and Pasture Mosaic,
which shows significant growth in both regions.
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3.2.3 Climate change scenarios

Table 10 presents the statistics from the reference climate scenario and the difference between reference
and moderate and extreme climate change scenarios.

Precipitation (mm)
Scenario Mean Median Std.Dev. Minimum Maximum
R 5.14 2.81 6.27 0 72.20
M - R +0.87 -0.31 +1.87 0 +18.98
E - R +0.54 -0.45 +1.61 0 +12.15
Min. Temperature (oC)
Scenario Mean Median Std.Dev. Minimum Maximum
R 10.04 10.08 0.94 5.16 13.02
M - R +0.64 +0.62 +0.06 -0.15 +0.83
E - R +1.00 +0.92 +0.27 -0.47 +1.74
Max. Temperature (oC)
Scenario Mean Median Std.Dev. Minimum Maximum
R 19.29 19.28 1.65 12.77 25.12
M - R +0.62 +0.60 -0.01 +0.59 +0.42
E - R +0.97 +0.92 +0.22 +0.20 +1.11
Solar Radiation (MJ/m2)
Scenario Mean Median Std.Dev. Minimum Maximum
R 18.28 18.56 3.80 3.27 28.30
M - R -0.39 -0.19 +0.23 -2.08 -0.27
E - R -0.27 -0.14 +0.06 -1.23 -0.50

Table 10. Statistics of the climate scenario Reference (R), and the comparison the Moderate with Reference
(M - R) and Extreme with Reference (E - R)

According to Table 10, there is an increase in the probability of extreme precipitation events under
both the moderate and extreme climate change scenarios when compared to the reference scenario. The
cumulative distribution function (CDF) (Figure 19) shows that daily precipitation events of up to 20
mm/day account for approximately 98% of occurrences in the reference scenario, while they represent
90% and 88% of events in the moderate and extreme scenarios indicating an increase in heavier rain
events. Moreover, the probability of daily precipitation exceeding 60 mm/day rises from 0.02% in the
reference scenario to 0.04% and 0.09% in the moderate and extreme scenarios, respectively.

Figure 19. Cumulative distribution function of precipitation for the different climate scenarios.

In parallel, the reduction in the proportion of moderate rainfall events and the increase in dry days
under climate change scenarios (Figure 20) indicates a shift towards more intense but less frequent
rainfall.
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Figure 20. Histogram of precipitation for the different climate scenarios.

On the other hand, daily temperature shows an average increase of 0.63°C and 1.0°C under the
moderate and extreme climate change scenarios, respectively, compared to the reference scenario.
The extreme scenario also exhibits increased variability, with the standard deviation rising by 0.27°C
relative to the reference. These changes are observed in both the minimum and maximum daily tem-
perature values. The increase in mean temperatures is consistent with global climate change projections
and can significantly impact hydrological processes, such as increased evapotranspiration and heavier
rains.

There are no significant changes in daily solar radiation reaching the ground in the future climate
scenarios when compared to the reference scenario.

3.3 RRV framework and reservoir modeling

3.3.1 Riogrande II reservoir

Figures 21, 22, and 23 illustrate the annual evolution of the Reliability, Resilience, and Vulnerability
indices for the Riogrande II reservoir throughout the study period. As the Reliability index approaches
0, the probability of the reservoir operating under satisfactory conditions decreases. A Resilience value
of 1 may indicate either the absence of failures or that the average recovery time for each failure was
just one day. The closer the Resilience value is to zero, the slower the reservoir's average recovery time.
Vulnerability reflects the average volume of unmet demand during failure events.

Figure 21. Reliability index for the Riogrande II Reservoir in the different climate scenarios, in the projection
period 2024-2074.
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Figure 22. Resilience index for the Riogrande II Reservoir in the different climate scenarios, in the projection
period 2024-2074.

Figure 23. Vulnerability index for the Riogrande II Reservoir in the different climate scenarios, in the projection
period 2024-2074.

To assess reservoir performance using the Reliability, Resilience, and Vulnerability (RRV) indices
shown in Figures 21, 22, and 23, it is essential to interpret the metrics collectively. For instance, while
the Reliability values across different climate scenarios in a given year (e.g., Riogrande II - 2061) may
appear similar, the differences between scenarios becomes clear when Resilience and Vulnerability
are also considered. In this case, although the Reference, the Moderate and Extreme scenarios show
comparable Reliability (0.90, 0.84 and 0.85, respectively for 2061), the Moderate scenario exhibits a
slower recovery time (more than two days) and greater water deficits (over 5.5 Mm³) compared to the
others (one or more days of recovery and 3.0 Mm³, approximately). This highlights that even when RRV
components are close in value, the overall system behavior can vary significantly between scenarios.

A more detailed look at the Reference scenario reveals that the Riogrande II reservoir generally per-
forms unsatisfactorily. The system fails to meet the established water demand in 29 of the 51 years.
Notably, the worst Reliability values occur in 2045 (0.59), 2046 (0.63) and 2050 (0.65). On the other
hand, the longest consecutive period of failure, which means Reliability is less than one, spans 9 years,
from 2043 to 2051. Analysing the Resilience, the slowest recoveries occur in 2040 and 2070, with a
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Resilience value of 0.71 and 0.72 days⁻¹, respectively, indicating average recovery times of 1.40 days
following the failures,. This suggests that while failures may be frequent, the system's recovery time
is relatively short. The most frequent value of Vulnerability is 2.70 Mm³, occurring in 15 of 29 years
of failure. The highest vulnerability values are observed in 2040 and 2070, both equating 3.80 Mm³.

In the Moderate climate scenario, the reservoir demonstrates improved performance in terms of Reli-
ability compared to the Reference scenario. The longest period of continuous failure lasts seven years,
from 2043 to 2049. However, out of the 51 projected years, the system fails to meet demand in 34 years.
Resilience, however, declines more intensely than in the Reference case. The lowest Resilience values
occur in 2061 and 2068, equal to 0.48 and 0.35 days⁻¹, meaning that the system takes in average more
than 2.1 and 2.8 days to recover, respectively. Vulnerability also increases significantly in this scenario.
Peak values reach 5.5 Mm³ in 2061 and 7.9 Mm³ in 2068. This performance under the Moderate climate
scenario shows a slight improvement in Reliability compared to the Reference scenario, but the overall
system performance remains low, with longer recovery periods and larger volume deficits, which does
not ensure adequate long-term reservoir reliability.

The Extreme climate scenario presents the most critical conditions for the Riogrande II reservoir.
Reliability drops more frequently and more severely than in the other scenarios. The longest period
of continuous failure lasts 16 years (2037�2052), and the index reaches its lowest point in 2054 (0.57).
Resilience is also lowest under this scenario. The most prolonged recovery periods are observed in 2054
and 2072, both with a Resilience value of 0.33 days⁻¹, or an average recovery time longer than three
days. Vulnerability reaches its highest levels in this scenario, with unmet demand peaking at 8.5 Mm³
in 2054 and 8.8 Mm³ in 2072. The figures show that as climate conditions worsen, the reservoir system
becomes increasingly vulnerable, with more frequent and severe failures, slower recovery, and a notable
decline in overall robustness.

Figures 24, 25 and 26 illustrate the dynamics of the Riogrande II reservoir, showing monthly reservoir
total inflow, total outflow and average storage, for the Reference, Moderate and Extreme climate change
scenarios, respectively.

There is a noticeable difference between the inflow across the scenarios. The average inflow of the
Reference scenario is 83.74 Mm³, with the peak inflow reaching around 150 Mm³. In contrast, the
average inflow of the Moderate scenario is 103.22 Mm³ and for the Extreme scenario is 94.18 Mm³. In
both scenarios, the inflow peaks easily exceed 200 Mm³, with an extreme event reaching 400 Mm³.

0

50

100

150

200

250

300

350

400

450

Vo
lu

m
e 

(M
m

³)

Inflow

2025 2028 2031 2034 2037 2040 2043 2046 2049 2052 2055 2058 2061 2064 2067 2070 2073

0

50

100

150

200

250

300

350

400

450

Vo
lu

m
e 

(M
m

³)

VPER

VTECMIN

VPPAL

VMAX

Storage
Outflow

Figure 24. Reservoir dynamics for the climate scenario Reference for the Riogrande II Reservoir, for the period
2024-2074.
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Figure 25. Reservoir dynamics for the Moderate climate change scenario for the Riogrande II Reservoir, for
the period 2024-2074.
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Figure 26. Reservoir dynamics for the Extreme climate change scenario for the Riogrande II Reservoir, for the
period 2024-2074.

As we can see in Figures 24, 25 and 26, since the inflow of the Riogrande II reservoir depends only
on the runoff naturally drained into it, this variable directly influences the volume of water stored and
released. The outflow/inflow ratio is 0.06% for the Reference scenario, 7.26% for the Moderate scenario,
and 5.68% for the Extreme scenario. This suggests that although more intense precipitation events
can increase the amount of available water it does not mean that it will get stored, and the reservoir
security releases lead to greater water losses.

Figures 27, 28 and 29 show the monthly average water storage, total demand, withdrawals, and unmet
demand for the Riogrande II reservoir throughout the study period, for the Reference, Moderate and
Extreme climate scenarios, respectively.
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Figure 27. Water demand for the Reference scenario for the Riogrande II Reservoir, for the period 2024-2074.
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Figure 28. Water demand for the Moderate scenario for the Riogrande II Reservoir, for the period 2024-2074.
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Figure 29. Water demand for the Extreme scenario for the Riogrande II Reservoir, for the period 2024-2074.

In Figures 27, 28 and 29 it can be seen that the unmet demand increases as the climate change gets more
severe. The ratio unmet demand/demand for the Reference scenario is 8.13%, 5.05% for the Moderate
scenario and 8.72% for the Extreme scenario. This suggests that, despite the higher inflows observed
in the Extreme scenario, the unmet demand surpasses that of the Reference case. This indicates that
the water that is not wasted during the heavier precipitations is not able to offset the prolonged dry
spells under extreme climate, leading to higher water shortages.

3.3.2 La Fe reservoir

Figures 30, 31, and 32 present the Reliability, Resilience, and Vulnerability indices for the La Fe
reservoir over the historical period from 1997 to 2023.

It is noticeable that the performance of the La Fe reservoir between 1997 and 2005 is worse compared
to the period of 2006 - 2023, after the pumping system was implemented. During the earlier period,
the Reliability varies between 0.30 and 0.63, the Resilience from 0.33 to 0.56 days-1, corresponding to
a recovery time approximately between 1.78 and three days, and the Vulnerability varies between 1.24
and 2.40 Mm³.

Figure 30. Reliability index for the La Fe Reservoir in the historic period of 1997-2023.
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Figure 31. Resilience index for the La Fe Reservoir in the historic period of 1997-2023.

Figure 32. Vulnerability index for the La Fe Reservoir in the historic period of 1997-2023.

After the pumping starts the performance of the La Fe reservoir improves significantly, though it is
not perfect. Only the years 2009 and 2011 show a Reliability of 1.0, meaning the reservoir remained
in a satisfactory state every day of those years. The worst case occurs in 2015, when Reliability drops
to 0.83. Resilience remains at 1.0 throughout this period, indicating a recovery time of one day for all
years except 2009 and 2011, during which no failures occurred. This behavior also persists throughout
the projected period. Vulnerability shows a linear increase, rising from 0.73 Mm³ in 2006 to 0.77 Mm³
in 2023.
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Figures 33 and 34 shows the Reliability and Vulnerability indices for the La Fe reservoir over the
projected period from 2024 to 2074, for the Reference, Moderate and Extreme climate scenarios.

Figure 33. Reliability index for the La Fe Reservoir for the Reference, Moderate and Extreme climate scenarios,
in the period of 2024-2074.

Figure 34. Vulnerability index for the La Fe Reservoir for the Reference, Moderate and Extreme climate
scenarios, in the period of 2024-2074.

Both Figures 33 and 34 indicate a general trend of decreasing Reliability and increasing Vulnerability
across all three climate scenarios throughout the projected period. However, based solely on the indices,
it is difficult to observe significant differences in reservoir performance among the climate scenarios.
Reliability does not show a clear variation, and the magnitude of Vulnerability remains approximately
the same throughout the projected period.

To better understand the differences between climate scenarios, we can analyze the graphs in Figures
35, 36, and 37, which illustrate the dynamics of the La Fe reservoir. These graphs show monthly
inflow, extra inflow, total inflow, outflow, and average storage volume for the Reference, Moderate,
and Extreme scenarios, respectively.
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Figure 35. Reservoir dynamics for the Reference climate scenario for the La Fe Reservoir, for the period 2024-
2074.
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Figure 36. Reservoir dynamics for the Moderate climate change scenario for the La Fe Reservoir, for the period
2024-2074.
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Figure 37. Reservoir dynamics for the Extreme climate change scenario for the La Fe Reservoir, for the period
2024-2074.

As observed in Riogrande II reservoir, there is an increase in `natural' inflow into La Fe reservoir in
the climate change scenarios in relation to the Reference scenario, that can be observed in 35, 36, and
37. The average inflow of the Reference scenario is 7.51 Mm³, with the peak inflow reaching around
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37 Mm³. In contrast, the Moderate and Extreme scenarios show higher average inflows of 9.34 Mm³
and 9.15 Mm³, respectively. In both scenarios, peak inflow events frequently exceed 20 Mm³, with one
event reaching approximately 50 Mm³.

As a consequence, dependency on pumped inflow (�extra inflow�) decreases as climate change intensi-
fies. The ratio of extra inflow to total inflow is 67% in the Reference scenario, compared to around 60%
in both the Moderate and Extreme scenarios. The opposite trend is observed for outflows: the ratio of
outflow to inflow is 0.12% in the Reference scenario, 4.17% in the Moderate scenario, and 5.82% in the
Extreme scenario indicating again an increase in water releases due to heavier rains. This suggests that
the increase in natural inflow helps reduce the reliance on pumped inflow, but the reservoir is unable
to absorb the peak inflow events, resulting in water losses that could otherwise be used to meet demand.

Figures 38, 39, and 40 show the monthly average water storage, total demand, withdrawals, and unmet
demand for the La Fe reservoir throughout the research period, for the Reference, Moderate and
Extreme climate scenarios, respectively.
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Figure 38. Water demand for the Reference scenario for the La Fe Reservoir, for the period 2024-2074.
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Figure 39. Water demand for the Moderate scenario for the La Fe Reservoir, for the period 2024-2074.
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Figure 40. Water demand for the Extreme scenario for the La Fe Reservoir, for the period 2024-2074.

It is possible to note in Figures 38, 39, and 40 that the unmet demand by La Fe reservoir remains
almost the same among the climate scenarios, differently that occurs in Riogrande II. The ratio of
unmet demand/demand for the Reference scenario is 15.46%, 14.29% for the Moderate scenario and
15.49% for the Extreme scenario.

4 Discussion

The results of this research indicate that both Riogrande II and La Fe reservoirs are expected to face
increasing challenges in meeting the growing water demands of the Aburrá Valley in the research
period. These challenges are shaped by a combination of climatic and anthropogenic pressures that
are transforming the hydrological behavior of their watersheds.

Domestic water demand is projected to increase steadily, intensifying the pressure on both reservoirs.
However, the population model used is relatively simple, assuming asymptotic stabilization and not
accounting for migratory trends or population decline, which can be accounted for in more sophisticated
models. The demand-side growth is compounded by ongoing land use changes within the watersheds.
The Riogrande II and La Fe watersheds are projected to experience growth in mosaic of agriculture and
pasture and urbanization. These land cover transformations typically reduce infiltration capacity and
increase both surface runoff and evapotranspiration, thereby increasing the peak flows and reducing
the basin storage capacity worsening the operation conditions for the reservoirs.

Climate change further exacerbates these hydrological pressures. Future climate scenarios project
more intense rainfall events, longer dry periods, and rising temperatures (Section Bias Correction).
As discussed by Eekhout et al. (2018), extreme precipitation events reduce soil water content, shifting
the water availability from the soil to the stream network and reservoirs, which increases dependence
on reservoir storage. Moreover, the increase in runoff also contributes to soil erosion, mostly on steep
slopes watersheds, that can lead to decrease the long-term storage capacity of reservoirs through
sedimentation.

The results from the reservoir simulations in this research support these findings. While extreme
precipitation events marginally improve water availability during the rainy events, the inability of
reservoirs to retain the large inflow peaks results in substantial water releases. These releases represent
a missed opportunity to store water for use during drier months, ultimately threatening water security
in the region. In fact, the results of Riogrande II reservoir show that under the Moderate climate
scenario, the amount of water released (7.26%) could cover the unmet water demand (5.05%).
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Based on the RRV analysis, the Riogrande II reservoir is projected to show a clear trend of declining
performance under future climate scenarios. In the Reference scenario, the system already struggles
to meet water demand in more than half the years, with frequent failures, modest recovery rates,
and moderate vulnerability levels. Under the Moderate climate scenario, reliability slightly improves,
but the system suffers from slower recovery and more severe unmet demand volumes, indicating a
weakening resilience and growing vulnerability. The Extreme climate scenario shows the most critical
performance, with long periods of consecutive failures, the slowest recovery times, and the highest levels
of unmet demand. Overall, the reservoir's behavior across all scenarios highlights its increasing sus-
ceptibility to climate stress, marked by persistent reliability issues, declining resilience, and increasing
vulnerability, pointing to a reduced ability to ensure water supply under future conditions.

The La Fe reservoir demonstrates a particularly high dependence on pumped inflows, which comprise at
least 60% of its total inflow. While this research assumes the availability of an unlimited water supply
from the Buey-Piedras-Pantanillo rivers system, this assumption may not hold under more severe
climate or upstream usage conditions. As a result of the use of pumping inflow, La Fe reservoir exhibits
relatively stable performance, with unmet demand/demand ratios consistently ranging between 14.29%
and 15.49%, regardless of climate scenario. However, the persistently high unmet demand ratio points
to a fundamental limitation in the reservoir's ability to meet supply requirements.

From RRV framework analysis, the performance of La Fe reservoir is mostly Resilient, since for all
the years and scenarios the recovery time is of one day (Resilience = 1). However, for all scenarios the
Reliability decreases and Vulnerability increases over time, indicating that the number of failures and
the magnitude of unmet water increases consistently.

Generally, the impacts of climate variability are more significant than land use change impacts
(Dwarakish & Ganasri, 2015), but land use management can be used to mitigate the excess of water
resulting from the extreme events of precipitation enhancing the community resilience in the water-
sheds by implementing rainwater harvesting (Eta et al., 2025) and terrace farming (Sarkar & Tanmoy,
2025), mostly in steep slope regions. These actions increase infiltration, reducing the peak of inflow
to the reservoirs and subsequently the frequency and magnitude of security releases. In general, such
increase in the catchment efficiency leads to an increase in the channel's baseflow resulting from
the enhancement of slower soil transport processes.

In summary, water security in the Aburrá Valley is increasingly threatened by a convergence of factors:
reduced infiltration and soil moisture, greater surface runoff, increased reliance on already burdened
reservoirs, and heightened erosion risks. The findings underscore the urgency of developing integrated
watershed and reservoir management strategies that account not only for climatic variability but also
for ongoing land use changes and sedimentation dynamics. Future planning must prioritize demand-
side management, protection of soil and water resources, and investments in infrastructure that enhance
reservoir resilience and capacity.

5 Conclusions

This research evaluated the water security of the Aburrá Valley by applying the Reliability, Resilience,
and Vulnerability framework under multiple scenarios of land use/land cover change and climate
change. The analysis revealed that water demand in the region is approaching a saturation value due to
the decrease in the population growth rate, with only minor increases expected in the coming decades.
For the year of 2074, the annual domestic water demand of The Aburrá Valley is expected to reach
303,536,168 m³. Considering an increase in economic activities proportional to the population and the
environmental flows the base water demand is projected to reach 932,084,073 m³.

Both reservoir Riogrande II and La Fe watersheds are increasingly affected by anthropogenic activities.
In Riogrande II watershed, the Mosaic of Agriculture and Pasture increases from 57% to 76% and the
urban infrastructure grow 12 times. A similar behaviour was projected in the La Fe watershed, where
the Mosaic of Agriculture and Pasture increases from 36.4% to 51.75% and urban infrastructure grows
from 0 to 5% of the watershed total area.
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These changes alter the soil's ability to store and transport water, generally resulting in increased
surface runoff. Climate change scenarios project more intense rainfall events, prolonged dry periods,
and warmer temperatures leading to a higher evapotranspiration. Together, these drivers lead to higher
peak flows and reduced baseflow, ultimately lowering soil water retention during dry seasons. As a
consequence, water tends to be excessive during the rainy season and does not get stored due to security
releases. In some scenarios the volume of water losses could cover the unmet demand during the dry
season, or at least significantly reduce the volume deficit. Water security analysis indicated that the
two main reservoirs, Riogrande II and La Fe, show different behaviors. Riogrande II is increasingly
affected by climate change since its ability to maintain reliable supply is projected to decline, with lower
resilience and greater vulnerability under more severe climate scenarios. In the worst case scenario, the
lowest Reliability was 0.57 in 2054, the most prolonged recovery time had than three days of recovery
and average Vulnerability of 8.8 Mm³ in 2072.

On the other hand, for the La Fe reservoir higher values of Reliability and Resilience are observed in
general. This is expected since the reservoir strongly depends on water pumping from a lower source,
reducing the effects of the increasing climate variability. However the Reliability and Vulnerability
are consistently declining along the projected period due to the increase in water demand. Although
the system maintains a better performance than Riogrande II under adverse hydrological conditions,
its dependence on pumping creates a structural vulnerability by relying on external watersheds and
energy inputs, which may compromise long-term sustainability and operational autonomy. Addition-
ally, the availability of water in the Buey-Piedras-Pantanillo system was not assessed and assumed to
be constant, so that more realistic results require an additional analysis of this pumping source.

The RRV framework analysis suggests that the Aburrá Valley may face growing challenges in sustaining
water availability from Riogrande II reservoir, especially during critical dry periods. Meanwhile, La Fe
reservoir is dependent on an operational model that carries its own long-term risks. The future water
security of the region, therefore, depends not only on climate resilience but also on the robustness and
sustainability of its water transfer systems and reservoir and watershed management strategies, such
as rainwater harvesting and terrace farming upright the reservoirs.

The research was based on gridded climate datasets and reanalysis products, along with streamflow
data derived from previous hydrological studies. Additional parameters were informed by news reports
and publicly available information like bathymetry reports, compliance documents from the Super-
intendency of Public Services and other public reports to reservoir parametrization and operation
formulation. While reasonable, the assumptions and hypothetical reservoir operation scenarios intro-
duce uncertainties. These uncertainties can be reduced by the introduction of observed data.

Nonetheless, this approach enabled the development of a complete methodology to assess water security
through the performance of multipurpose reservoirs under combined anthropogenic and climatic pres-
sures. The framework proposed can be refined and strengthened considering the interconnected reservoir
system modeling.
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Appendix A - Lookup tables Land use for SWAT+

The land use parametrization for the Riogrande II reservoir watershed is present in Table 11.

LANDUSE_ID SWAT_CODE
3 FRST
9 PINE
13 FESC
21 PAST
24 URHD
25 BSVG
30 BSVG
33 WETW

Table 11. Land use parametrization for Riogrande II watershed

The land use parametrization for the La Fe reservoir watershed is present in Table 12.

LANDUSE_ID SWAT_CODE
3 FRST
13 FESC
21 PAST
24 URHD
25 BSVG
33 WETW

Table 12. Land use parametrization for Riogrande II watershed
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Appendix B

resv_dyn.py algorithm

The following routine calculates the reservoir dynamics for provided vectors of climatic data: obser-
vation times (time), daily inflow volume (inflow), daily precipitation over the reservoir (pcp_rate),
daily evaporation over the reservoir (evap_rate), the corresponding population values (population)
and the initial reservoir volume (vol_init). The relevant function is evolve_period and the remaining
are auxiliary functions. In the following version the parameters for the La Fe reservoir are used, but
an the usage for the Riogrande II reservoir is analogous.

import pandas as pd

# LA_FE
vol_nom = 11.33e6 # principal volume
vol_min = 0.1942 * vol_nom # dead volume
vol_mid = 0.5137 * vol_nom # technical minimum
vol_max = 13.53e6 # emergency volume

city_demand_frac = 0.5
ref_population = 3849641 # population relate to ref_use_rate_day (2021)
ref_use_rate_day = 4.6 * 60 * 60 * 24 # m³/s -> m³/day

extra_outflow_start_year = 2024
extra_outflow_end_year = 2080
extra_outflow = 0.6 * 60 * 60 * 24 # Rionegro starts in 2024
extra_population = extra_outflow * ref_population / ref_use_rate_day

extra_inflow_start_year = 2011
extra_inflow_end_year = 2080
extra_inflow_slow = 3.0 * 60 * 60 * 24
extra_inflow_fast = 6.0 * 60 * 60 * 24

# demands take into account water distribution system: do not add more sinks that there
are
person_demand_day = ref_use_rate_day /(ref_population * city_demand_frac)
eco_demand_day = 4.35 * 60 * 60 * 24
reg_erg_demand_day = 0 * 60 * 60 * 24 # already included in person demand
min_erg_demand_day = 0 * 60 * 60 * 24 # already included in person demand

outflow_nom_days = 2
outflow_max_days = 1

def calc_demand(vol, population):
base_demand = eco_demand_day +

city_demand_frac * person_demand_day * population
if vol >= vol_mid:

return base_demand + reg_erg_demand_day
if vol < vol_mid:

return base_demand + min_erg_demand_day

def calc_outflow(vol):
if vol > 0.95*vol_max:

return (vol - vol_nom)/outflow_max_days
elif vol > vol_nom:

return (vol - vol_nom)/outflow_nom_days
else:

return 0
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def calc_outflow_dumb(vol):
if vol > 0.95*vol_max:

return (vol - vol_nom)
elif vol > vol_nom:

return (vol - vol_nom)
else:

return 0

def calc_extra_inflow(date, vol):
if vol < vol_mid and date.year > extra_inflow_start_year and

date.year < extra_inflow_end_year:
return extra_inflow_fast

elif vol < vol_nom and date.year > extra_inflow_start_year and
date.year < extra_inflow_end_year:

return extra_inflow_slow
else:

return 0

def evolve_one_day(date, vol, inflow, pcp_rate, evap_rate, population):
evap = evap_rate * vol
pcp = pcp_rate * vol
demand = calc_demand(vol, population)
withdraw = 0
unmet_demand = 0
if (vol > vol_min):

unmet_demand = 0
withdraw = demand

else:
unmet_demand = demand
withdraw = 0

outflow = calc_outflow(vol)

# add extra inflow
extra_inflow = calc_extra_inflow(date, vol)
inflow = inflow + extra_inflow

# the volume for the next day
vol = vol + inflow + pcp - outflow - evap - withdraw
return {'vol': vol, 'demand': demand, 'outflow': outflow,

'withdraw': withdraw, 'unmet_demand': unmet_demand,
'extra_inflow': extra_inflow }

def evolve_period(time, vol_init, inflow, pcp_rate, evap_rate,
population):

vol = []
pcp = []
evap = []
demand = []
outflow = []
withdraw = []
unmet_demand = []
extra_inflow = []
for i in range (len(time)):

vol.append(vol_init)
pcp.append(vol_init * pcp_rate[i])
evap.append(vol_init * evap_rate[i])
corr_population = population[i]
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if time[i].year >= extra_outflow_start_year and time[i].year <
extra_outflow_end_year:
corr_population += extra_population

evo = evolve_one_day(time[i], vol_init, inflow[i], pcp_rate[i],
evap_rate[i], corr_population)

demand.append(evo['demand'])
outflow.append(evo['outflow'])
withdraw.append(evo['withdraw'])
unmet_demand.append(evo['unmet_demand'])
extra_inflow.append(evo['extra_inflow'])
vol_init = evo['vol']

df = pd.DataFrame({
'time': time,
'Inflow_m3': inflow,
'Outflow_m3': outflow,
'StorageFlow_m3': vol,
'Demand_m3': demand,
'Withdrawal_m3': withdraw,
'Unmet_demand_m3': unmet_demand,
'pcp_m3': pcp,
'evap_m3': evap,
'extra_inflow_m3': extra_inflow
})

return df
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Appendix C - Transition matrices and Weights of Evidence

The Transition Matrix for the Riogrande II and La Fe watershed is presented in Table 13.

Transition Rate (�10¡5)
To From Riogrande II La Fe

Forest Pinus 1.14 -
Forest Other form 44.06 -
Forest Mosaic Agricult. 1294.22 1077.38
Forest Urban - 25.88
Forest Other non-veg. 1.26 67.02
Pinus Forest 0.80 -
Pinus Other form 37.71 -
Pinus Mosaic Agricult. 946.59 -
Pinus Urban - -
Pinus Other non-veg. - -

Other form Forest 231.81 214.70
Other form Pinus 69.19 -
Other form Mosaic Agricult. 3787.71 1837.16
Other form Urban 14.23 214.70
Other form Other non-veg. - 360.79

Mosaic Agricult. Forest 116.97 289.61
Mosaic Agricult. Pinus 8.51 -
Mosaic Agricult. Other form 28.86 105.36
Mosaic Agricult. Urban 4.06 69.07
Mosaic Agricult. Other non-veg. 2.21 134.44
Other non-veg. Forest 25.75 79.49
Other non-veg. Pinus 103.00 -
Other non-veg. Other form 476.40 5.68
Other non-veg. Mosaic Agricult. 630.90 562.11
Other non-veg. Urban 1248.93 817.61
Other non-veg. Minery 51.50 -

Minery Forest 337.23 -
Minery Other form 74.94 -
Minery Mosaic Agricult. 449.64 -
Minery Urban 374.70 -
Minery Other non-veg. 299.76 -

Table 13. Transition matrix multistep for the three study region

The Weights of Evidence for the Riogrande II watershed are presented below.
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The Weights of Evidence for the La Fe watershed are presented below.
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Appendix D - Error matrices

The error matrices used to calculate the validation metrics of land use models for the Riogrande II
watershed and La Fe watershed are present in Table 14 and 15.

Reference
Classes 3 9 13 21 24 25 30 33 Total

Simulated

3 255776 84 4174 74344 30 90 0 17 334515
9 86 36706 480 7935 0 15 0 637 45859
13 3524 200 19507 11397 41 34 0 4 34707
21 74561 8220 10151 651094 391 263 33 66 744779
24 0 1 44 288 1299 53 23 0 1708
25 92 7 31 264 38 62 1 0 495
30 9 0 2 12 10 8 85 0 126
33 278 520 5 397 0 48 0 11959 13207

Total 334326 45738 34394 745731 1809 573 142 12683 1175396

Table 14. Error matrix of Riogrande II Reservoir in pixel units

Reference
Classes 3 13 21 24 25 33 Total

Simulated

3 36833 1567 9200 212 552 1 48365
13 1513 508 774 51 108 0 2954
21 9157 820 21135 351 779 3 32245
24 267 18 353 293 78 0 1009
25 496 60 774 139 250 0 1719
33 111 0 16 0 9 1234 1370

Total 48377 2973 32252 1046 1776 1238 87662

Table 15. Error matrix of La Fe Reservoir in pixel units
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Appendix E - San Nicolás Valley water treatment project
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